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Abstract
Mowrey, Corinne H. Ph.D., Engineering Ph.D. program, Wright State University, 2016.
Retail Facility Design Considering Product Exposure

Retail store’s layout affects a shopper’s visual experience and correspondingly the time
spent in the store, navigation through the aisles, and allocation of attention and money across
departments and categories. We contend that alternate rack layouts allow for more of a rack’s
facing to appear in the shopper’s visual field. In this work we focus on the following two
questions: (i) what impact does a given rack layout have on how much of a rack display is
exposed to a shopper? (ii) what rack layouts maximize exposure to a shopper? To address the
first question, we introduce a set of visual-spatial statistics comprised of visual measures
(exposure and intensity) and spatial measures (space and aspect ratio) as a way to quantify the
effect a retail layout has on a shopper’s visual experience. We present both analytical and
algorithmic approaches to capture the dynamics of a traveling shopper’s field of regard against a
static rack layout. Findings based on unidirectional shopper traffic suggest that racks oriented at
30 from the direction of travel exhibit nearly 250% increase in exposure over traditional 90°
racks; for bidirectional shopper traffic, acute orientations are still attractive providing up to 150%
higher exposure. To address the second question, we introduce the retail rack layout problem
(RRLP) of identifying the optimal single or multi-column rack orientations in a constrained space
in order to maximize exposure. We propose a mixed-integer non-linear mathematical
programming model for the RRLP. Given the complexity associated with this model, we propose
iii

a heuristic-based solution approach based on particle swarm optimization (PSO). We conduct
sensitivity analyses of the near-optimal layouts generated by the PSO to variation in system and
shopper parameters. Results from this part of the study indicate that maximum exposure of
layouts is sensitive to shopper visual characteristics; orientation of racks in the column closest to
the shopper is less than the degree of horizontal head movement exhibited by the shopper.
Further, the %-increase in exposure over the baseline 90º rack layouts is a non-decreasing
function of the allowable display loss. Multiple competitive layout designs with 1-, 2-, and even
3-columns exist that offer similar exposure values for a given system configuration. Our findings
provide quantitative evidence of the sensitivity of exposure to the characteristics of the shopper,
confirming that there is no such thing as a one-size-fits-all approach to retail design. The models
developed can form the basis of more advanced models that consider 3D environments with
varying rack heights, presence of different rack shapes, and the impact on store sales.
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Introduction

Shopping is necessary. Whether you shop for every day necessities or as a form of
entertainment, shopping makes a huge impact on local and national communities. People shop to
satisfy both hedonistic and utilitarian reasons. Regardless of reason, the shopping environment
provides a means of satisfying personal and social goals (Tauber, 1972; Ng, 2003; Backstrom and
Johansson, 2006). Despite the popularity of outdoor markets (i.e., farmer’s or flea market) and the
rapid rise of e-commerce (Ng, 2003), the vast majority of retail purchases are still made in-store
(Wang and Hsiao, 2012). For this reason, my research focuses on the design of the brick-andmortar store, since its success offers the opportunity to make a huge impact in our local and
national economies and communities (NRF, 2014).

1.1 Retail Facility Design
The successful design of retail facilities effectively engages consumers and helps to
convert demand into purchases. As described by Dunne et al. (1995), retail design can be
decomposed into the following four elements (Figure 1): store planning, merchandising, store
design, and visual communications.
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Store Planning
Space Allocation
Layout
Circulation

Store Design
Exterior Design
Ambiance
Lighting

Retail
Facility
Merchandising
Fixture Selection
Merchandise Presentation
Visual Merchandising

Visual Communications
Retail Identity
Graphics
POS Signage

Figure 1: Elements of a store design (recreated from Dunne, 1995)
These four elements must work together to create the desired store image and increase
sales productivity. Though all are necessary and critical to the success of the store, among these 4
decisions, store planning is the one that provides the physical infrastructure to a retail store and a
backbone for all other decisions. The focus of my research falls within store planning,
specifically, layout.
Important decisions under store planning include allocating facility space to both selling
and non-selling areas, locating merchandise departments, and creating circulation aisles that
allow customers to move through the store. There are four layouts that are typically used in retail
store design: grid, free flow, serpentine, and racetrack (Peters et al., 2004; Kizer and Bender,
2007). Because a racetrack layout exposes shoppers to a large amount of merchandise (Dunne et
al., 1995), they have become fairly popular among big retailers. The racetrack layout includes a
clearly defined main aisle that circles through the store like a racetrack, beginning at the entrance,
looping through the store, and then returning the customer to the front of the store (Kizer and
Bender, 2007). Mass merchandisers (e.g., Target and Wal-Mart) and several other retailers (e.g.,
Kohl’s) are examples of stores that use this layout. Empirical research indicates shoppers have a
tendency to follow the perimeter of the store (Farley and Ring, 1966). In fact it often serves as the
main pathway from which shoppers make quick trips into the aisles (Larson et al., 2005).
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1.2 The Role of the Store Layout
The store’s layout has been shown to be a critical element in the shopping cycle that can
significantly affect the attitude and behavior of shoppers. Successful (or unsuccessful) design of
the store layout, can influence approach/avoidance, time spent in the environment, and ultimately
sales (Bitner, 1992; Turley and Millian, 2000; Burke, 2006; Shankar et al., 2011; Lu and Seo,
2015).
A good store layout facilitates greater exploration, helps with wayfinding (Passini et al.,
1998; Bitner, 1992; Baker et al., 2002; Carpman and Grant, 2002) and evokes positive effect
(Yoo et al., 1998). A high degree of product exposure suggests that more merchandise is present
(Morales et al., 2005), resulting in a greater perceived variety (Kahn and Wansink, 2004; Mohan
et al., 2012). In contrast, failure to find products in the store induces frustration, irritation, anger
(Richins, 1997), and even regret (Kelley et al, 1993; Arnold, 2005). One type of regret is “search
regret,” a post-search dissonance that results from an unsuccessful pre-purchase search (Reynolds
et al., 2006). Inadequate directions, search effort, the degree of non-conformance to one’s normal
search strategy, and unfavorable emotions experienced during search can lead shoppers to blame
the store, the product, the timing, or even themselves (d’Astous, 2000; Reynolds et al., 2006).

1.3 Measures to Evaluate a Layout
Previous facility layout research has dealt primarily in manufacturing and warehousing.
Measures used to evaluate these layouts include space utilization, flow of material, material
handling costs, and travel time (Meller and Gau, 1996; Singh and Sharma, 2006). While the
utilization of these measures within a retail facility may seem appropriate, differences between
retail layout and manufacturing and warehousing layout exist that imply otherwise. For instance,
retailers largely focus on maximizing sales, instead of minimizing travel time or material
handling costs. Customer travel paths are highly variable and unpredictable making it hard to
adequately define the flow of materials through a store. Because customer purchasing behavior
3

can be influenced by product placement, promotions (both inside and outside the store), and
stimuli (e.g., lighting and sound), retailers must balance their desire to maximize space utilization
with the shopability and functionality of the store (Dunne et al., 1995). And finally, department
adjacencies are often purposely violated to encourage shoppers to travel through most of the store
to increase impulse purchase. These characteristics of the retail industry require the use of new
measures to evaluate successful layouts that are different than those currently employed in
warehousing literature. Retailing and marketing literature have proposed additional measures for
evaluating store layouts including sales productivity, shrinkage, shopper time spent in the store,
shopper satisfaction, number of unplanned purchases, and exposure of products (Dunne et al.,
1995; Turley and Milliman, 2000; Lu and Seo, 2015).
Among these measures, exposure has gained significant interest in the Marketing
literature. Exposure is critical because the first condition of a product sale is visual reach;
shoppers will only buy what they see (Suher and Sorensen, 2010; Ebster and Garaus, 2015).
Recent studies reporting approximately 80% of all purchase decisions are made in-store
(including generally planned, unplanned, and substitute purchases) support this claim (POPAI,
2014). Below we further highlight the role of exposure, which forms the basis of our research.

1.4 The Role of Exposure
Cairns (1962) conjectured that sales are a function of the number of people to whom the
product is exposed to in retail stores; the more likely a product is to be seen by a shopper, the
more likely it is to be purchased on impulse. Anderson (1979) claimed that the significance of
product display area in retail stores stemmed from the importance of physical product exposure as
a sales stimulus. Drèze et al. (1994) maintained that the visibility of a product influenced its
probability of purchase. We do acknowledge that other factors beyond rack layout also affect
exposure; e.g., advertising and lighting, decompression zones, and choice of path upon entrance
(e.g., invariant right) affect exposure.
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Depending on the type of shopping trip (quick, fill-in, and stock up), Sorensen (2009)
found that the majority of shoppers will only be exposed to 11% - 41% of products in the store
visited. In other words, even the most extensive of shopping trips will expose the shopper to less
than half the products in the store. This observation is surprising because nearly 80% of a
customer’s shopping time is spent simply wandering and navigating through the store (Suher and
Sorensen, 2010).
Retailing literature further suggests that the most common number of items purchased in
any store is one (with typical basket sizes ranging 3-10 products) and that most shoppers tend to
limit their travel to a simple and short path because it instinctively fits their needs. If we assume
20% of products sold in a store account for approximately 80% of revenue (i.e., top sellers),
placing these products within the visibility of the quick–trip shopper could entice the shopper to
purchase an item not originally intended. Notice that this does not necessarily increase the
shopper’s path; in fact, it may improve the shopper’s experience as items of need are located
quickly and items of “potential” need (top sellers) are brought to their attention. Enticing
shoppers to impulsively purchase 1-5 additional items effectively doubles the basket size,
potentially increasing store sales by more than 30% (Sorensen, 2009). From a shopper's
perspective, a greater amount of product exposure means less time spent searching for items of
interest. From a managerial perspective, converting a shopper's time from searching to purchasing
means an increase in sales.

1.5 Motivation of our Research
Distinctly different layouts (as compared to traditional layouts) have recently been
observed at the local stores of two major retailers (see Figure 3 and Figure 3), whereby main
aisles and display racks on the aisles were set at an angle at the front of the store. This departure
from the traditional orthogonal rack orientation raises the question: does a change in rack layout
affect the exposure of products to the shopper?
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To answer this and many follow on questions, we first need to define exposure. Exposure
refers to the possibility (not the probability) that a product will be seen by a shopper as they travel
along their path. It can be used to determine what fraction of products can be seen out of the total
products displayed in an area. Additionally, it can be used to locate hotspots along a path; i.e.,
how many times a product could be seen by shoppers as they travel. For example, products
located on the end-caps would likely be seen easily and frequently by the traveling shopper, while
the ones deeper in the cross-aisle may barely be seen once. This information could prove
invaluable to managers in deciding optimal product placement.

B

C

A

Figure 2: Illustration of three levels of visibility at a US retailer:
entrance (A), main aisle (B), and cross aisle (C)

Our focus in this paper is on quantifying exposure through optimal placement of racks
along the shopper’s path. At a macro-level, it is possible to segment exposure into 3 levels:
entrance (A), main aisle (B), and cross aisle (C) (see Figure 2). Exposure at entrance (A) tends to
6

provide a big-picture view of the store to the shopper and this impression usually that sticks
during the shopping (Mitchell, 2008). This level of visibility is difficult to quantify because it is
based on psychological factors that influence the way a shopper “feels.” Cross-aisle exposure (C),
alternately product exposure at the shelf, is a well-studied topic in the literature where the focus
has been on optimizing shelf space allocation to various brands based on the shelf space/sales
relationship (Corstjens and Doyle, 1981; Dreze et al., 1994; Martinez-de-Albeniz and Roels,
2011). While obviously an important issue in retail research, this visibility is only applicable once
a shopper is in front of the shelves. While some store layouts direct the shopper’s path (e.g.,
serpentine, similar to IKEA), many allow the shopper to choose their path (e.g., grid, racetrack,
and free-form) (Peters et al., 2004; Kizer and Bender, 2007). With no guarantee where a shopper
will go, or what is on a shopper's list, the ability to quantify how visible a product is to a traveling
shopper has been currently overlooked. This form of visibility (main aisle), (B) in Figure 2, seen
as a shopper moves along the main aisle is what we address.

Figure 3: Floor plan of a major US retailer with angled pallets at both entrances and angled racks
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1.6 Research Questions
We now introduce the research questions, followed by our research contributions.
Q1. How can exposure be quantified considering the shopper’s field of view?
Q2. To what extent is a shopper exposed to rack locations along the travel path?
Q3. What is the overall exposure when traveling through a store section with a pre-specified
number of racks?
Q4. How does bi-directional traffic affect exposure of a given rack layout?
Q5. What is the optimal layout of racks along a shopper's travel path considering constraints
related to a minimum amount of rack display and physical space?
Q6. How does the optimal layout change with changes in the shopper and system parameters?
To address these research questions, we introduce a new paradigm to retail facility
design, designing to maximize exposure of products to a shopper as s/he travels along the main
aisles in the store. The goal of this research is to develop the foundational models that allow
researchers to optimally design racks within the store. We believe this research has the potential
to extend IE/OR techniques to an important economic sector that has currently been overlooked.
Below we indicate our research contributions.

1.7 Research Contributions
Contribution 1: Quantifying Visual and Spatial Measures
We begin by developing analytical models that quantify exposure (Q1). We consider that
exposure of products in a store depends on both the shopper’s viewing angle and depth and the
presence (or lack) of obstructions between the product and the shopper. While the analytical
models help mathematically express and evaluate the relationships between the shopper’s field of
view and the racks, it is difficult to generalize them for any system configuration and also in
estimate intensity of exposure. As an alternate solution approach, we propose a slicing algorithm
to estimate exposure for a generic rack layout, while quantifying intensity of exposure as a heat
8

map. We then estimate exposure of a store section at a point (Q2) and then aggregate it over
multiple steps along the shopper's path (Q3). Acknowledging that shoppers travel from multiple
directions, we incorporate bidirectional shopper traffic into our models (Q4). We also analyze
analytically the effect rack orientation has on the required space and resulting shape of the store
section, and explore non-traditional rack layouts that we believe may significantly outperform the
traditional orthogonal layouts commonly found in many retail facilities. Results indicate that
optimum rack orientations should lie somewhere between 0° and Φ (field of vision) depending on
the depth of vision of a shopper. Additionally, exposure can increase by as much as 2.5 times the
exposure of the traditional 90° orientation. The details of this contribution are presented in
Chapter 2 as a journal article to be submitted to an IE/OR journal.
Contribution 2: Optimizing Rack Layouts for Exposure
Having develop models to estimate exposure for a given layout, we extend our work to
answer the remaining two research questions (Q5 and Q6). To determine the optimal layout of
racks in a store section (Q5), we introduce a novel retail rack layout problem (RRLP), which we
present as a special case of the facility layout problem. RRLP consists of finding the optimal
placement of rectangular racks given space and rack display constraints in order to maximize the
amount of exposed portions of the racks to a traveling shopper. We present a mixed-integer nonlinear mathematical programming model to solve the RRLP. Given the complexity associated
with solving this model optimally, we propose a heuristic-based solution approach using particle
swarm optimization (PSO). We also conduct a sensitivity analysis of the near-optimal layouts
generated by the PSO to variation in system and shopper parameters (Q6). Results indicate that
maximum exposure of layouts is sensitive to shopper visual characteristics; orientation of racks in
the column closest to the shopper is less than Φ (field of vision). Further, the %-increase in
exposure over the baseline 90º rack layouts is a non-decreasing function of the allowable display
loss. Multiple competitive layout designs with 1-, 2-, and even 3-columns exist that offer similar
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exposure values for a given system configuration. Details of this contribution are presented in
Chapter 3 as a journal article to be submitted to an IE/OR journal.

1.8 Dissertation Outline
The remainder of this dissertation is organized as follows. Chapter 2 presents
contribution 1 and Chapter 3 presents contribution 2. Chapter 4 summarizes the conclusions we
draw from this research, and also presents opportunities for future research.

10

2

Impact of Rack Layout on Visual Experience in a Retail Store

2.1 Introduction
Manufacturing and distribution facilities have received much attention over the years
with respect to efficient and near-optimal layout designs. On the contrary, little attention has been
given to layout design of retail stores -- the customer-facing component of the supply chain -despite the fact that operations of more than 3.6 million U.S. retail establishments contribute
nearly $2.5 trillion to the US annual GDP (Schatz, 2012).
Research has shown that both shoppers and retailers benefit when layouts engage
shoppers and facilitate purchasing (Dunne et al., 1995; Ward and Barnes, 2001; Wang and Hsiao,
2012). Even leading retail consultants (e.g., Herb Sorensen and Paco Underline) and solution
providers (e.g., Madix) suggest that, while brand proposition (value, quality, selection) and
pricing are important, retailers must focus on the physical and visual presentation of products to
create a buying environment that satisfies the shopper’s need for value and convenience.
It has been pointed out that the first condition of a sale is visual reach; “what is not seen
does not exist for the shopper” (Suher and Sorensen, 2010). To a shopper, improved visual
experience facilitates greater exploration and helps with wayfinding (Baldwin, 1998; Baker et al.,
2002; Mari and Poggesi, 2013), allows for a greater perceived variety of products in the store
(Mohan et al., 2012), and reduces frustration, irritation, and anger when searching for products
(Richins, 1997). To a retailer, this translates into shopper’s allocation of attention across
departments and categories (Burke, 2006), and an eventual purchase. That is, a good layout of
racks and aisles must offer an improved visual experience.
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It is natural to believe that effective layouts are well known and common. Evidence from
the industry suggests otherwise. Department stores like Kohl’s, JC Penney, Elder Beerman, and
Macy’s use a wide variety of layouts, mostly with short racks and wall displays along main aisles
to woo shopper’s attention. That the nation’s largest retailers, like Wal-Mart, would experiment
and sometimes fail with new store layouts (Gogoi, 2010) shows both that executives believe good
layout is a key to success and that methods for developing these layouts, which we strongly
suspect were based on intuition and experience, are far from effective.
If the layout of a store (Figure 4) determines what shoppers see (Figure 5), and what
shoppers see determines their experience, then understanding the relationship between store
layouts and what a shopper sees is vital. We contend that exposed rack locations (on which the
products will eventually be placed) are a function of the layout itself and the shopper’s field of
view. Unfortunately, there exist no quantitative models of visual experience with which to
evaluate retail layouts.

.

v v v v v v v v v v

v

Cash Registers

Figure 5: What the shopper sees

Figure 4: What the layout designer sees

In what follows, we model a shopper traveling through a retail aisle with racks of
products on either side. We quantify the shopper’s visual experience and the retailer’s spatial
investment with a visual-spatial statistic (VSS) having the following components:
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Exposure (E): how much of the racks in a given layout are seen while traversing the
pathway (in linear feet);



Intensity (I): how long each exposed location is seen while traversing the pathway (in
time and by location);



Space (S): how much space is needed for a given rack layout (ft2); and



Aspect Ratio (AR): what is the corresponding shape (length/width) of the layout.
To this extent, we first develop analytical models that quantify exposure in order to

capture the complex dynamics that emerge between a traveling shopper and static racks. We
define exposure as the possibility (not the probability) that a product will be seen by a shopper as
they travel along a store section (with racks laid out at a certain angle to the path). Quantifying
exposure can help in locating hot-warm-cold spots on each rack along a pathway. For example,
rack end-caps would typically be seen easily and frequently by the traveling shopper, while other
rack faces deeper in the cross-aisle may barely be seen once. If by altering the rack layout, more
of a rack can be exposed to a traveling shopper, then subsequent decision makers (e.g., allocation
of products to shelf space) will likely have more options on the rack to place high impulse
products. While we present the first known approach to quantify the impact of rack layout on the
visual experience by incorporating the shopper’s field of view, we do not attempt to solve the
subsequent shelf allocation problem (that estimates store revenue given a rack layout and product
placement on them); extensive literature exists on this topic (Hubner and Kuhn, 2012; Flamand et
al., 2016).
In the analytical model, we account for the fact that exposure in a store depends on both the
shopper’s viewing angle and depth, and the presence (or lack) of obstructions in the field of view,
assuming unidirectional shopper traffic. An algorithmic approach is also proposed to overcome
the limitations of the analytical model when quantifying exposure of generic layouts and
estimating the intensity of an exposed location. We analyze the phenomenon of obstructions,
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when they occur, and what impact they may have on the overall visual experience. We then
extend our analysis to bidirectional shopper traffic. Our results suggest that exposure is highly
sensitive to rack angles; acute rack orientations appear to sync well with the shopper’s viewing
angles and result in large exposure values. Over 150-250% increase in exposure over traditional
90° layouts depending on the shopper traffic was observed in our experiments. However, such
findings should be carefully analyzed when trading off the resulting space and shape of the
layout, for which we present analytical models as well. We demonstrate the use of our models to
evaluate a real layout of a store in our region. The models and solution procedures we present
here offer designers the means to design and evaluate different layout options. We believe this
research has the potential to extend IE/OR techniques to an important economic sector that has
received limited attention.
We next summarize relevant literature in layout, retailing, and other areas, before
presenting our models and insights. Though shoppers may be male or female, we refer to a
shopper as her throughout this paper.

2.2 Relevant Literature
The academic literature is replete with layout problems in manufacturing and
warehousing (Meller and Gau, 1996; Gue and Meller, 2009; Kundu and Dan, 2012) and to a
much lesser extent in retail. Retail layout problems are different from these traditional problems
in many ways, for instance: (i) shopper travel paths are highly variable and unpredictable as
opposed to the well-defined flow of materials in a manufacturing facility, and can be influenced
by innovative rack displays, product placement, promotions, technology, and environmental
stimuli; (ii) retailers largely focus on maximizing sales instead of minimizing travel time and/or
material handling costs that are typically adopted in manufacturing context; and (iii) department
adjacencies are often purposely violated to encourage shoppers to travel through most of the store
to increase impulse purchase.
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To address some of these considerations, Peters et al. (2004) proposed an optimizationbased framework, based on manufacturing facility layout concepts, for designing retail layout.
They presented models for expected distance and tour length of various layout designs, assuming
that a shortest distance path would always be taken for a known shopping list. Building on this
work, Botsali and Peters (2005) developed a network-based model specific to the serpentine
layout that maximized expected impulse purchase revenue. This model used a product visibility
factor in its revenue function that was based on the number of times a product was exposed to the
shopper during their shopping tour. Limited to the serpentine layout only, this research modeled
the vision of a traveling shopper as perpendicular sight rather than the typical forward sight. More
recently, Yapicioglu and Smith (2012) developed a model and solution approach to design the
block layout of a single-story department store. Their approach consisted of locating departments
within a racetrack layout in order to maximize revenue while maintaining adjacency satisfaction.
Revenue generated by a department was defined as a function of its area and its exposure to the
aisle network. They broadly defined exposure as the location of a department within a pre-defined
traffic zone (i.e., high departmental exposure would coincide with its location within a zone that
has a large traffic density).
The marketing and retailing literature also alludes to the impact of rack displays on a
shopper’s visual attention via eye-tracking studies. In one study, the sequences of eye fixations
identified three stages of in-store decision making: orientation, evaluation, and verification
(Russo and Leclerc, 1994). The number of facings on a shelf along with shape and contrast of the
display have a consistent and positive effect on visual attention (Chandon et al., 2009; Clement et
al., 2013). Further, an observational study of more than 13,500 customers showed that special
displays and digital technology were able to attract a large proportion of shoppers (Nordfalt,
2011).
Notice that while IE/OR and marketing literature have recognized the need for
incorporating visual measures in designing retail layouts, the measures proposed are fairly
15

aggregate, and thus limited. What is needed is a deeper understanding and quantification of the
interaction between the layout of racks with that of a traveling shopper’s viewing angles. Further,
a distinction between what is seen once versus seen multiple times as the shopper walks through a
store section must be made as it affects the probability of impulse purchase. Given that alternate
rack layouts may affect the floor space and shape of the store subsection, they must be modeled
and explored as well.
With these gaps in mind, our paper focuses on developing analytical models and
algorithms to help quantify the effect of rack layout on product exposure to a traveling shopper.
Shopper field of view, traffic densities, and area requirements are modeled, and the underlying
trade-offs identified. A refined estimate of visual experience such as this could then form the
basis for both the optimization of such layouts and also for the shelf space allocation problem
mentioned earlier. With this viewpoint, we now present our approach to quantify visual measures,
followed by spatial measures, of a rack layout.

2.3 Quantifying the Exposure of a Store Section
Consider a shopper walking in an aisle with racks on either side. To determine if a rack
location is exposed to the shopper, we must model the shopper’s field of view as she moves
through the space. A person’s field of view (FoV) is both vertical and horizontal and is the part of
space that is seen when the head and eye are absolutely still (Panero and Zelnik, 1979).
Acknowledging that a traveling shopper will continuously move her head and eyes, we define the
field of regard (FoR) to be the total space that a shopper’s FoV may fall within and is potentially
available for viewing (Barfield and Furness, 1995). Because the prominent scan pattern of a
shopper is horizontal rather than vertical (Ebster and Garaus, 2015; see Figure 6), we focus on the
horizontal FoR.
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Φ

DOV

Figure 6: Two-dimensional shopper’s field of regard
for various rack orientations
The shopper’s FoR, see Figure 6, is a visual sector (area) that can be described using two
parameters: the angular limit of visual scanning from the forward line of sight, 2Φ, and the depth
of focused vision, DOV (Barfield and Furness, 1995). We assume the shopper is “exposed” to a
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Figure 8: The visual angle

To determine the visual angle Φ, we assume that the maximum head movement to one
side is 60º from the forward line of sight and that the eye can also rotate 30º to each side (Panero
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and Zelnik, 1979; Peacock and Karwowski, 1993; Committee, 1996; Figure 7). Therefore, the
shopper's point of fixation can be located anywhere between 0º and 90º to either side. Depth of a
shopper's focused vision, DOV, for our 2D setting would depend on what the shopper is looking
at, lettering on an object or the object itself. For instance, a DOV of approximately 25 ft. would
correspond to the legibility of a 0.5 in. letter or symbol by a shopper with 20/20 vision (Ware,
2004).

2.3.1 Exposure for Unidirectional Travel
Consider a shopper traveling along the center of the pathway with racks at an orientation
θ measured clockwise from the travel path. Rather than estimating exposure to discrete product
locations, we measure exposure in terms of linear feet of rack appearing in the shopper’s FoR as
she walks forward.
For every rack orientation θ, we can express the total exposure along a pathway,
ETotal = EFR + EA + EB + EC + ED,

(1)

where EFR is the exposure of the first rack encountered, and EA, EB, EC, and ED are the cumulative
exposure values of the repeating A, B, C, and D faces across all subsequent racks (2 nd rack and
onwards) along the pathway (see Figure 9). By decomposing exposure into these 5 parts, we can
account for the dynamic changes in the geometry of the section that result from an interaction
between the shopper and the rack(s) (placed at a given orientation). Table 1 defines notation for
the analytical model.
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Figure 9: Rack orientation () with respect to
the shopper's travel path

Figure 10: Parameters for rack layout (θ = 45°,
rw = 4, ac = 5, rl = 25, n = 3)

Table 1: Notation used in the analytical models
Notation
am
ac
n
rl
rw
θ
DOV
DOVw
da
Φ
φc
E

Definition
width of the main aisle (ft)
width of the cross aisle (ft)
number of full length racks
length of a full length rack (ft)
width of a rack’s end cap display (ft)
rack orientation measured clockwise from primary direction of travel, θ'=180-θ
depth of focused vision, radius of FoR
width of FoR from pathway, ½ chord length of DOV (=𝐷𝑂𝑉 ∙ sin 𝛷)
perpendicular distance of closest corner to the shopper's directional path (0.5am)
angular limit of exposure corresponding to half of FoR, Φ'=Φ+90
angle measured clockwise from primary direction of travel to rack corner
total length of racks that are visible to the shopper (ft)

As shown in Figure 9, Face A is always the end-cap closest to the travel path, and Face C
is always the end-cap farthest from the travel path (except when θ = 0 or 180°, when both are
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equidistant from the travel path). Face B is the side facing the traveling shopper when 45°≤ θ ≤
180°; Face D is opposite Face B.

ft
E A= 4

ft
E A= 4

ft
E A= 4
ft
12.05
E FR=

Φ

ft
E A= 4
.25 ft
E B=6

ft
E A= 4
ft
12.05
E FR=

Φ

ft
E A= 4
ft
12.05
E FR=

DOV
Φ

Figure 11: Exposure of a rack section with obstructions along the shopper’s pathway
We calculate exposure for each of the five parts in two phases. First, we calculate the
total linear feet of the first rack, which is unique because the front face is unobstructed when the
shopper enters the pathway (Figure 11). Second, we calculate exposure for the remaining racks,
which may or may not be obstructed by the preceding rack, depending on the section
configuration. The expressions for EA, EB, EC, and ED consider that the preceding rack(s) will
obstruct the shopper's view, depending on the shopper's location with respect to the referenced
face. Detailed calculations are in Appendices A.1 and A.2.
The analytical expressions for EFR, EA, EB, EC, and ED depend on the geometry of the
layout due to discontinuities created when, for example, the rack orientation θ equals the angular
limit Φ of the shopper’s FoR. Other points of discontinuity are derived numerically. For example,
the acute angle at which the exposure of Face D begins to decrease with an increase in
orientation. Details are in Appendix A.2.
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2.3.2 An Example
Assume a pathway with the following parameters: n = 5, rl = 25 ft, rw = 4 ft, ac = 5 ft,
da = 5 ft, Φ = 45°, and DOV = 25 ft. Based on the procedure detailed in the Appendix (Sections
A.1 and A.2), we can derive the limits θL1 - θL7 (Step 1). We next sort these limits, along with 0°,
Φ, 90°, Φ' and 180° in ascending order as laid out in Step 2 (Table A.6 in the Appendix).
Aggregating the expressions in Tables A.1-A.5 (Step 3) lead to the following:

𝐸0 = 𝑛𝑟𝑤 + 𝑛𝑎𝑙 = 𝑛(𝑟𝑤 + 𝑟𝑙 ) for 0° ≤ θ < θL1 and θL6 < θ ≤ 180°
𝐸1 = (𝐷𝑂𝑉 −

𝑑𝑎 +𝑟𝑤 cos 𝜃
)+
sin 𝜃

= 𝑛 ((𝐷𝑂𝑉 −
𝐸2 = (𝐷𝑂𝑉 −

𝑑𝑎 +𝑟𝑤 cos 𝜃
) + 𝑟𝑤
sin 𝜃

𝑑𝑎 +𝑟𝑤 cos 𝜃
)+
sin 𝜃

= 𝑛 ((𝐷𝑂𝑉 −

𝑛𝑟𝑤 + (𝐷𝑂𝑉 −

− 1) + 𝑛𝑟𝑙
(3)

+ 𝑟𝑙 ) for θL1 ≤ θ ≤ θL7

𝑛𝑟𝑤 + (𝐷𝑂𝑉 −

𝑑𝑎 +𝑟𝑤 cos 𝜃
) + 𝑟𝑤
sin 𝜃

𝑑𝑎 +𝑟𝑤 cos 𝜃
) (𝑛
sin 𝜃

(2)

+

𝑑𝑎 +𝑟𝑤 cos 𝜃
) (𝑛
sin 𝜃

𝐷𝑂𝑉𝑤 −𝑑𝑎
( sin
))
𝜃

𝐷𝑂𝑉𝑤 −𝑑𝑎
)
sin 𝜃

− 1) + n (

(4)
for θL7 ≤ θ < Φ

𝐷𝑂𝑉𝑤 − 𝑑𝑎 − 𝑟𝑤 cos 𝜃
𝐷𝑂𝑉𝑤 − 𝑑𝑎 − 𝑟𝑤 cos 𝜃
𝐸3 = (
) + 𝑛𝑟𝑤 + (
) (𝑛 − 1)
sin 𝜃
sin 𝜃
=

𝐷𝑂𝑉 −𝑑𝑎 −𝑟𝑤 cos 𝜃
𝑛 (( 𝑤 sin
) + 𝑟𝑤 )
𝜃
𝐷𝑂𝑉𝑤 −𝑑𝑎 −𝑟𝑤 cos 𝜃
)+
sin 𝜃

𝐸4 = (

(5)

for Φ ≤ θ ≤ θL4
𝑎

𝑐
𝑛𝑟𝑤 + (tan(𝜃−Φ)
−

𝑟𝑤 +𝑎𝑐
) (𝑛
tan 𝜃

− 1) for θL4 ≤ θ ≤ 90°

(6)

𝐷𝑂𝑉 −𝑑

𝑤
𝑎
𝐸5 = (sin(180−𝜃)
) + 𝑛𝑟𝑤 + ((𝑟𝑤 + 𝑎𝑐 ) tan(𝜃 − 90) + 𝑎𝑐 tan(90 − 𝜃 + 𝛷))(𝑛 − 1)

(7)

for 90° ≤ θ ≤ Φ'
𝐷𝑂𝑉 −𝑑

𝑤
𝑎
𝐸6 = (sin(180−𝜃)
) + (𝑟𝑤 + 𝑎𝑐 )[tan(𝜃 − 90) − tan(𝜃 − 90 − Φ)](𝑛 − 1)

for Φ'< θ ≤ θL2
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(8)

𝐸7 = (𝑟𝑙 +

𝐷𝑂𝑉𝑤 −𝑑𝑎 −𝑟𝑙 sin 𝜃′
)+
cos 𝜃′

(𝑟𝑤 + 𝑎𝑐 )[tan(𝜃 − 90) − tan(𝜃 − 90 − 𝛷)](𝑛 − 1)
(9)

for θL2 ≤ θ ≤ θL3
𝐸8 = (𝑟𝑙 + 𝑟𝑤 ) + (𝑟𝑤 + 𝑎𝑐 )[tan(𝜃 − 90) − tan(𝜃 − 90 − 𝛷)](𝑛 − 1) for θL3 ≤ θ ≤ θL5
𝐸9 = 𝑟𝑤 + 𝑛𝑟𝑙 + [

((𝑟𝑤 +𝑎𝑐 ) tan(𝜃−90))−𝑟𝑙
tan(𝜃−Φ−90)

− (𝑟𝑤 + 𝑎𝑐 )] (𝑛 − 1) for θL5 ≤ θ ≤ θL6

(10)

(11)

In Step 4 (Appendix, Section A.4), we take the derivative of each equation with respect to
θ and determine if it is monotonically increasing or decreasing. Evaluating at the limits for each
equation (Step 4a) suggests that θL7 results in the maximum exposure of 186.71 ft (out of a
possible 290 ft) for the pathway, which corresponds to a rack orientation of θE* = 30.47°.
Exposure at this orientation is 254% greater than that at the traditional θ = 90° (E = 52.67 ft).
Figure 12 illustrates the exposure expressions (2)-(11) as θ increases from 0° to 180°.
Notice that at θ = Φ, exposure decreases quickly as Face D falls in line with the shopper's Φ and
ceases to be exposed. At θ = Φ', a less drastic decrease occurs as Face A lines up with Φ. These
scenarios can be observed in Figure 8 at θ = 45° and 135°; the discontinuities appear prominent as
these two effects are accumulated over n = 5 racks.
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Figure 12: Exposure of pathway by θ
(n=5, rl=25 ft, rw=4 ft, ac=5 ft, da=5 ft, Φ=45°, and DOV=25 ft)
These analytical expressions solve for exposure of one side of the pathway for a given
FoR. If we assume that the shopper walks down the middle of the pathway in one direction only,
then the optimal rack orientation for one side of the pathway will mirror the other side, resulting
in a symmetric layout. The total exposure is two times that for a single side.

2.3.3 Obstruction Phenomenon and its Effect on Exposure
What can be seen in a configuration is limited both by the shopper’s FoR (DOV and Φ)
and by the obstructions of the racks themselves. Obstructions occur in two ways; we refer to them
as self and subsequent. In self obstruction, the faces of a rack in the front obstruct faces of the
same rack in the back; e.g., for a rack oriented at 45°, Faces C and D will be obstructed by Faces
A and B. In subsequent obstruction, faces of a rack are obstructed by the other racks in front of it.
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Figure 13: Factors that affect exposure of the 2nd and later racks in a section with rl=25 ft, rw=4 ft,
ac=5 ft, and da=5 ft
Figure 13 shows, for each rack orientation θ, the causes of limited exposure. The white
area under the dotted line represents the percent of a rack that is exposed for a given orientation
(see Figure 8); shaded areas above the dotted line indicate the causes of limited exposure. For
example, at θ = 30°, about 63% of the rack is exposed. The remaining 37% is not visible for two
reasons: (i) Face C is self-obstructed, and so ~7% of this rack is never exposed (Region 1) and (ii)
the DOV of 25 ft means an additional 30% of this rack never enters the FoR, which limits the
exposure of Faces B and D (Region 4). Now consider an obtuse rack orientation such as θ = 120°,
for which only about 18% of the rack is exposed. Nearly 43% of the rack (Face D) is selfobstructed (Region 1) and another 19% experiences subsequent obstruction of the entire Face C
and partial Face B (Region 2). When Φ is reduced from 90 to 45, another 20% (Region 3) falls
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outside of the FoR. The remaining 7% of unexposed rack (Region 5) is due to either the reduction
of Φ or finite DOV (25 ft vs. ).
The layout’s influence on exposure manifests in the form of subsequent obstructions
(Region 2 in Figure 13) and only occurs when θ > 90°. It is not that orientations < 90° do not
experience subsequent obstruction; at a given step, some or all of a rack’s face may be obstructed
by its preceding rack(s). What we see in these acute orientations, though, is that as a shopper
travels along the path, locations that were obstructed at one specific position in the pathway were
not obstructed at another. In contrast to subsequent obstructions, the influence of the shopper (Φ
and DOV) occurs across all orientations, most noticeably when θ < 90°. That is, exposure is not
as sensitive to the section’s configuration as it is to the shopper’s characteristics.
In a typical store, racks are placed perpendicular to the main aisle. However, we see from
both Figure 12 and Figure 13 that the 90° orientation offers one of the lowest exposure values.
When shoppers make large head turns (Φ = 90°), the 90° orientation is subjected to substantial
amounts of obstruction. As head turns become more limited (Φ < 90°), exposure reduces further
and less of the racks fall within the FoR. Fairly acute or obtuse rack orientations seem to
synchronize well with the human FoR. We find that when we only consider exposure, acute
orientations tend to provide the highest exposure values (around 30 when Φ = 45°) when
shoppers travel in only one direction. Racks placed parallel to the shopper (i.e., 0 or 180) also
have reasonably high exposure, but the resulting shape of the layout may not be practical (as
discussed in Section 6).
Analyzing exposure for any configuration is difficult using these expressions because
they are difficult to extend to layouts with variable rack length, width, and spacing and other
system parameters. Further, these expressions are not amenable to estimating intensity of
exposure (how long is a location exposed). To overcome these limitations, we next present an
algorithm to estimate exposure and intensity for a generic store section.
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2.4 An Algorithm for Exposure and Intensity
Our algorithm approximates the continuous system (used in our analytical models) as a
discrete system wherein all 4 rack faces along with the shopper path are discretized. Each point
on a rack represents a length of the face (say, 1 ft.), and each point on the path a distance traveled
(say, 0.5 ft.). The algorithm determines the total number of unobstructed rack points (and
subsequently multiplies them by the length they represent to convert them to estimated racklength) that lies within one side of the shopper's FoR.
Consider the scenario in Figure 14, where the angle of rack orientation θ equals 45°, and
each discrete location on a rack represents the midpoint of a 1 ft. length of rack. Locations 'a'-'ee'
are within the shopper’s FoR; others are outside. We create line segments from the shopper
passing through each rack corner and terminating where they intersect the boundary of the FoR
section. The area between these segments makes up sectors, or slices of the FoR. In Figure 14, the
area between Vector 0 and Line Segment 1 makes up Sector 1. The area between Line Segments
1 and 2 makes up Sector 2, between Segment 2 and 3, Sector 3, and so on.
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Figure 15: Intensity of exposure for each
location on a rack for the section in Figure 14

Figure 14: An illustration of the
slicing algorithm

With this approach, we can easily identify which locations are exposed (locations ‘e’ and
‘f’ in Sector 2) and which locations are obstructed (locations ‘a’-‘d’) within each sector and at
each step. We say that a point in space is exposed if it could have been seen by the shopper, but
not all exposed locations are equally attractive. Some could have been exposed momentarily,
while others exposed for several seconds as the shopper walks by. We define the intensity of
exposure to be the length of time a particular point could be seen by a shopper walking at a given
speed.
The intensity of exposure for a location is simply the number of steps (length of the
shopper’s path that can be translated into amount of time) that that location is exposed. Returning
to the example of Section 3.2, Figure 15 shows the intensity of exposure along a rack (in
grayscale; > 0 refers to exposed for some time, and 0 refers to never exposed) for the section
shown in Figure 14. For this example, locations with long exposure durations, like the nearest
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end-cap (Face A) of the rack, would have an intensity that was greater than 11.5 steps/ft (Figure
15). Locations that are not always exposed might be obstructed by the current or preceding rack
for part of the time that they fall within the shopper's FoR or might be located farther away from
the shopper, thus reducing the number of opportunities they can be exposed.
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Figure 16: Exposure and intensity of each exposed location for various rack orientations for a
section with n=5, rl=25 ft, rw=4 ft, ac=5 ft, da=5 ft, Φ=45°, and DOV=25 ft. Note: Height of bar
indicates exposure of the section for the given orientation. Shading on these bars indicates proportion of
locations for each level of intensity, where black indicates high intensity and white indicates low intensity.

An overlay of exposure and intensity for various rack orientations for a specific
configuration is shown in Figure 16, where the height of the bar indicates exposure and shading
indicates the intensity profile. For this configuration, we use the shading scheme as light to dark
(0.1 ft to 19.5 ft). For each rack orientation, we also arrange the location intensities in an
ascending order to aid comparison across rack orientations.
Observe that each orientation has its own unique profile. Intuitively, end caps (Face A in
acute and Face C in obtuse orientations) and parts of the inside faces that are closest to the end
cap (Face B and Face D when θ < Φ), will have the highest intensity for most rack orientations.
This occurs because these locations fall within the shopper’s FoR for longer periods of time,
largely unobstructed.
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Interestingly, two orientations with virtually the same exposure may have very different
intensity distributions; e.g., 90° (E = 52.7 ft.) and 105° (E = 54.3 ft.). This is because each rack
location's position within the FoR changes as the rack orientation changes, which determines
whether a location is partially obstructed and how long it falls within the FoR. Clearly, selection
of an appropriate rack orientation would depend on the underlying objectives of the retailer –
expose more or expose long enough.
Recall from Sections 2.3.2 and 2.3.3 that θ = 30 seems to produce the highest exposure
for this specific configuration. We see from Figure 16 that its corresponding intensity is
moderate-to-low, compared to say 15, 90, or even 165 orientations. In fact, one might argue
that 30 has the worst intensity profile of any configuration; although many locations fall in the
shopper’s FoR (and are potentially seen), they are only exposed for a relatively short period of
time compared to, say, the endcap closest to the shopper (which almost always has the highest
intensity). In contrast, very acute or obtuse orientations (  = 0, 15, 165) seem to have the best
intensity distribution (i.e., higher proportion of dark shading) indicating that most of their
exposed locations are exposed for a fairly long time. While these orientations do not produce the
highest exposure, they are competitive with  = 30 (145 ft. vs. 185 ft; 22% less) yet much larger
than  = 90 (145 vs. 52.7; 175% more), meaning that shoppers may be able to see more rack
locations than 90° and possibly for longer durations. Improved intensity could benefit shoppers in
terms of search and/or exploration depending on their intentions of shopping. To the retailer, this
offers a way to increase the value of a location, getting more products in the FoR of a shopper
The observations from both analytical and algorithmic approaches suggest that the best
orientation of rack depends on the underlying shopper and retailer objectives. If a product can
easily be recognized (for example, by color or shape), then exposure might be more important
than intensity. On the contrary, if a product requires some time to impress or be recognized by the
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shopper, then intensity might be the better measure—and the best orientation of rack might be
dramatically different for each case.
We have seen that for unidirectional travel, visual measures tend to favor acute or obtuse
rack orientations, depending on the objective. In most retail settings, of course, shoppers travel
both ways in the aisle. We now discuss the impact of bidirectional traffic on the best rack
orientation with respect to exposure and intensity.

2.5 Bidirectional Shopper Traffic
Consider the bidirectional scenario shown in Figure 17. Let α be the fraction of shoppers
traveling in one direction (bottom to top in the Figure). In practice, the value of α would vary
with time of day, day of week, promotions, and department locations.

1-α

θR

da
am
da

Side R

Side L

θL

α

Figure 17: Illustration of bi-directional parameters
The total exposure along the pathway can be decomposed into a weighted sum of
exposures for each direction of travel; ETotal  E  1   E1  .
Exposure E (in the α direction) is the sum of exposures from both sides (R and L) of the
pathway as experienced by the shopper who walks a distance of da from Side R and a distance
am - da from Side L. The converse is true for exposure E1- (in the 1-α direction). Hence,
Eα = Eα,R + Eα,L and E(1-α) = E(1-α),R + E(1-α),L. We use the slicing algorithm presented in Section 4 to
estimate the exposure of Side R and Side L (ER and EL, respectively). The bidirectional intensity
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of a location j is the weighted sum of the intensity of that location observed from both directions
of traffic, Ij = αIα,j + (1-α)I(1-α),j.
We first calculate the exposure of symmetrical bidirectional pathways with racks oriented
at θ = 0° - 179° for multiple α values. Because 90° is the most common orientation in retail, we
report our results in terms of increase in E with respect to the 90° orientation (Figure 18 and
Figure 19).
Figure 18 illustrates change in exposure from a 90 orientation when a shopper makes
large head turns (Φ = 90°) with a DOV limited to 25 ft. Notice that α = 1 refers to the
unidirectional traffic case, and matches the line generated in Figure 9 for ‘Reduced Φ’ (shading).
Figure 15 illustrates the change in exposure when a shopper makes smaller head turns (Φ = 45°
and DOV = 25 ft.); the α = 1 line (unidirectional traffic) matches the line generated in Figure 9
for ‘Reduced DOV and Φ’ (dotted line). When α = 0.5 (balanced bidirectional traffic), the
exposure profile generated by rack orientations between 90° and 180° is a mirror image of that
generated for orientations between 90° and 0°, suggesting that supplementary orientations will
produce identical exposure values for this case when shoppers walk in the middle of the pathway.

Change in E with repsect to 90°
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Φ = 90
α
1
0.75
0.5

100%
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165

Orientation to α traffic

Figure 18: Change in E with respect to θ = 90° for bidirectional traffic assuming
Φ = 90°; n=5, rl=25 ft, rw=4 ft, ac=5 ft, am=10 ft, da=5 ft, and DOV=25 ft
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Figure 19: Change in E with respect to θ = 90° for bidirectional traffic assuming Φ=45°; n=5,
rl=25 ft, rw=4 ft, ac=5 ft, da=5 ft, DOV=25 ft, and racks on both sides of the pathway
These results suggest that when a shopper makes large head and eye movements (leading
to Φ = 90°, on one side, Figure 18), orientations ranging from approximately 45° to 89° offer the
largest increase in exposure (77-83%) over the traditional 90° orientation when shopper traffic is
unidirectional (α = 1, Figure 18). As α decreases towards 0.5 (balanced bidirectional traffic), this
range narrows to 75° to 89°, and the relative increase in exposure over 90° is now limited to about
41.5-41.9%. This is because the rack orientations that work best in terms of increased exposure in
one direction are not necessarily the best for the other direction. This offset, however, does not
mitigate the increase in exposure– the resulting weighted total exposure of the pathway is still
higher than 90°, which suggests the existence of superior rack layouts from an exposure
standpoint.
Now, when a shopper makes smaller head and eye movements, such as when Φ = 45° on
one side (Figure 19), aisles orientated within the range of 30° to 44° offer the largest increase in E
(240-250%) when shopper traffic is unidirectional (α = 1). For this situation, as α decreases to 0.5
(balanced bidirectional traffic), similar to Φ = 90°, the relative increase in exposure over 90 is
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limited to 175%. The key difference here is that the now very acute (15° or less) or very obtuse
(165° or greater) orientations offer the most exposure.
Based on the bidirectional traffic analysis, we derive the following insights. First,
exposure of a section is heavily dependent on a shopper’s FoR (Φ and DOV) as well as the flow
of traffic (α); this holds true for 0.5 ≤  ≤ 1 (i.e., both unidirectional and bidirectional). Further,
acute (and at times the supplementary obtuse) rack orientations still appear to provide
substantially higher exposure than 90 racks. For example, when α = 1, E = 370 ft. for the 30°
orientation (a 251% increase over 90°), but when α = 0.5, E = 264 ft., which is a reduction of
29% from the unidirectional case. Note that the 30° orientation remains substantially higher
(150%) than the comparable 90° orientation. The %-increase in exposure does not nullify when
shopper traffic is bidirectional, as one might think when averaging it; it certainly is limited. In
other words, the insight that non-90 rack orientations provide higher exposure than the
traditional 90 racks is fairly robust across various bidirectional traffic situations. We show a few
actual rack layouts in Figure 20 corresponding to this insight.
Second, bidirectional traffic appears to have a greater influence on overall exposure when
shoppers make narrow head and eye turns. This suggests that it is vital to understand situations
that lead a shopper to exhibit small or large head turns in order to identify layouts that provide the
best exposure values and intensity distribution. For instance, a target-oriented shopper who is
familiar with the store's layout may walk purposefully to her planned product and make narrow
head turns only to ensure she is heading in the right direction. In contrast, a leisure-oriented
shopper may prefer to explore more along their pathway and make large head turns in order to see
as much as possible. Depending on the retailer’s objectives and shopper mix, the layouts change,
sometimes quite drastically.
Third, in both unidirectional and bidirectional situations, racks oriented at orientations
less than Φ (and sometimes the supplementary obtuse orientations) seem to produce the largest
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amount of exposure. When traffic is unidirectional (i.e.,  = 1), many acute orientations are
competitive when shoppers make large head and eye turns (Φ = 90°) and become dominant as
those turns narrow (Φ < 90°).

θ = 90°
E = 69.4 ft.
θ = 45°
E = 89.6 ft. (29%↑E)

θ = 165°
E = 174.2 ft. (151%↑E)
Figure 20: Exposure and intensity of example layouts for alternative rack orientations with higher
exposure than  = 90 (Φ = 45°, rl=25 ft, rw=4 ft, ac=5 ft, da=5 ft, α=0.5 and DOV=25 ft)
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θ = 89°
E = 203.7 ft.

θ = 75°
E = 204.4 ft. (0.3%↑E)

θ = 30°
E = 197.4 ft. (3%↓E)
Figure 21: Exposure and intensity of example layouts for two alternative orientations with similar
exposure, but different intensity profiles. (Φ = 90°, rl=25 ft, rw=4 ft, ac=5 ft, da=5 ft, α=0.5 and
DOV=25 ft)

Finally, in many cases, alternative rack orientations may exist with similar exposure
values for the same system configuration; see Figure 21. The intensity distribution for 89° and
75° appears to be similar, but the intensity distribution for 30° is obviously different. In fact, 30°
appears to have the best distribution among these three even though it is not the orientation with
the highest exposure – similar to our observations in Section 4. It is, therefore, critical to evaluate
other aspects of a layout in order to determine the best rack orientation that meets each retailer’s
unique set of preferences and needs.
We now present models to estimate two spatial measures (space and aspect ratio) that
form our proposed visual-spatial statistics, and evaluate how they may impact the choice of
various rack layouts.
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2.6 Space and Aspect Ratio
While we propose that retail layouts should enhance the visual experience of a shopper, we
recognize that there are inherent spatial limitations that designers face when laying out a store.
We next introduce the two remaining VSS measures, space and aspect ratio, to help evaluate the
spatial attributes of a generic rack layout.
While the analytical models to calculate space and aspect ratio of a given layout are not
too difficult to derive (see Appendix A.5), their behavior and implications are worth discussing in
this section. Figure 22 illustrates space required for the racks on one side of the pathway (i.e.,

% Increase in S over 90°

only Side R) that are placed at the given orientation.
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Figure 22: Rack orientation vs. percent increase in space with respect to the 90° orientation
(rl = 25 ft, rw = 4 ft, ac = 5 ft, and da = 5 ft)
Because the cross-aisle distance (ac) between 2 adjacent racks is always maintained
regardless of the rack orientation, the length component attributed to cross-aisle space elongates
when 0° < θ' < 90°, resulting in an increase in space as compared to the traditional θ = 90° rack
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orientation. Recall from Table 1 that θ'=180-θ. This additional cross-aisle space substantially
increases the total space at low θ' values (0° - 15° and 165° - 180°).
Intuitively, as the total number of racks in the section increases, the increase in space for
a given orientation with respect 90 reduces. Thus, the impact of required space for a pathway
section will have greater bearing on smaller sections, such as those for small departments in mass
merchandisers, than it does on layouts of larger sections like those employed by grocery stores.
Store designers may also be interested in the shape of a specific rack layout as it affects
the configuration of other adjacent store sections. We use aspect ratio (AR) to quantify shape,
where AR = L/W (L and W are the total length and width of the section, respectively). By this
definition, tall and skinny sections would have large AR values (> 1) and short and wide sections
would have small AR values (< 1); AR for a layout that is a square is 1.0. For the section
currently analyzed (n=5), θ = 30° results in AR = 6.0, while 90° has an AR = 1.6 (Figure A.9 in
Appendix A.5). The largest AR value for this section is observed to be 36.2 and occurred at
θ = 0°.
Recall from Section 2.5 (bidirectional traffic) that 45°-89° orientations for Φ = 90° (on
one side) and orientations around 31° for Φ = 45° (on one side) offer the largest increase in E
compared to 90° racks. Figure 22 portrays a different picture in terms of space requirements for
acute orientations. Space increases substantially as θ moves farther away from 90°; θ = 31°
requires a 66% increase in space (AR = 5.7) over 90°, while it is 36% for θ = 45° (AR = 3.5).
Clearly, a focus on increasing exposure suggests a preference for acute (and sometimes
obtuse) rack orientations, while a focus on minimizing space and/or avoiding unusually high/low
AR values tends to favor rack orientations closer to 90. A trade-off among the visual and spatial
measures is apparent.
It should be evident by now that the objectives of a rack layout may be conflicting;
maximizing exposure (seen at least once) may not necessarily mean maximizing intensity (seen
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repeatedly), or minimizing space. Our proposed measures and models provide a mechanism for
store designers to assess and evaluate store layouts according to their unique preferences in order
to determine the best layout that meets their business goals. To illustrate the use of our models,
we now present an analysis of a store section from a real-world layout shown in Figure 23.

2.7 Illustrating the Proposed Approach for a Real-Layout
Recall the unique layout highlighted in Figure 4. This layout includes both 90° and 45° racks,
racks of varying lengths, and pallets in the center of main aisle. Having visited this store several
times to observe shopper traffic, it became clear that the presence of pallets in the main aisle
effectively created unidirectional traffic on each side, where shoppers primarily traveled "up" to
the right of the pallets, and "down" to the left.

3
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Figure 23: VSS of a real-world layout in a local and operating mass merchandiser considering bidirectional shopper traffic and Φ = 45°.
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Figure 23 shows the layout, intensity profile, and a summary table with all VSS measures
for each of 4 zones in the layout. The quantified VSS measures reveal some interesting insights.
Zone 1 (5 racks, θ = 45°), has the highest exposure at 41.4 ft with a fairly good shape (AR = 1.11)
and more than 55% more exposure than Zones 2 and 4 (90 racks), but at the cost of low product
storage density (22.1 ft of display per 100 ft2 of floor space vs. 33.7 ft and 26.3 ft for Zones 2 and
4 respectively). Zone 1 also has a moderate-to-low intensity distribution (per our earlier finding
from Figure 12). Zone 3 has comparable exposure to that of Zone 1 but it has a smaller product
storage density (17.9 ft of display per 100 ft2 of floor space)while also requiring more space
(1875 ft2 vs. 1170 ft2). These findings account for visual obstructions created by the pallets in the
middle of the main aisle. Because these pallets are almost always unobstructed and in the
shopper’s FoR, the exposure is fairly high (40 ft) with a strong intensity distribution.
We resist the urge to claim that one zone is better than others because such a decision
would require knowledge of the retailer’s preferences, products, and customers. What we do see
though, is that different parameters (i.e., rack length, rack spacing, rack orientation, the presence
of obstructions, etc.) produce layouts that may cater more closely to the retailer’s needs (may it be
optimizing only their objectives or accounting for shoppers as well).

2.8 Summary
Shopping is a highly vision-dependent activity influenced by the physical layout of the store. The
ability to quantify the visible aspects of a store layout would allow retailers to to better fit the
needs of their customers. Retailers typically prefer a layout that maximizes revenue and reduces
restocking costs, while shoppers prefer a layout that supports shorter travel paths, ease of search,
and an overall good shopping experience. The common denominator to both is product exposure.
What is not seen is likely not going to be bought, unless it was a planned purchase.
Based on our models and analysis of various configurations, we summarize a few key
insights that were discussed in detail earlier:
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Exposure is heavily dependent on shopper’s visual characteristics, along with head and eye
turns, that determine the field of regard.



For unidirectional travel, acute orientations (around 30 for the layout analyzed) tend to
provide the highest exposure values (~250% higher than 90 racks).



For bidirectional travel, acute orientations still appear to have the highest exposure compared
to 90 racks. However, for wider head movements and nearly balanced bidirectional traffic,
racks with highest exposure are less acute.



Several competitive rack layouts may exist allowing the retailer to choose the one that may be
best for a given store section. Tradeoffs exist between exposure, intensity, space, and shape
for a given rack orientation. Rack orientations with higher exposure and/or intensity values
likely require larger sections (in terms of space) and/or produce less desirable shapes (in
terms of aspect ratio).
We strongly believe that our research findings can offer substantial value to both the

shopper and retailer. For shoppers, the use of angled racks in a retail layout could mean that they
reduce search time and possibly anguish. Improved exposure means more rack locations may now
be seen by shoppers during their typical travel-path without unnecessarily elongating their paths.
The resulting improved sense of control and overall shopping experience could potentially
strengthen loyalty among the shoppers for that retailer. In contrast, for the retailers, the ability to
quantify product exposure will help them identify the proportion of rack length (and so the
products) that could be seen (and how frequently) by a shopper, allowing them to prioritize the
products that should be placed at the front of the rack and end-caps. More products shown to a
shopper has the potential to increase impulse buys, in turn, boosting their revenue.

40

3

A Model to Optimize Rack Layout in a Retail Store

3.1 Introduction
The retail store provides a critical interface between retailers and shoppers; after all, the
store is where sales happen, or fail to happen (Dunne et al., 1995). Marketers and retailers
recognize that the store’s physical environment is a critical trigger point in the shopping cycle
that can significantly affect the attitude and behavior of shoppers (Shankar et al., 2011).
Successful (or unsuccessful) design of the store environment, including layout, floor space
allocation, fixtures, signage, and lighting can influence approach/avoidance, time spent in the
environment, and ultimately sales (Bitner, 1992; Turley and Millian, 2000; Lu and Seo, 2015).
The store’s layout influences how shoppers navigate through the store and interact with products,
ultimately affecting their shopping experience and sales (Burke, 2006; Mitchell, 2008).
While the facility layout problem (FLP) of locating departments or machines within a
defined area in order to minimize distance or material flow has been well-studied, fundamental
differences exist, between the traditional FLP and the retail layout problem. First, the objectives
are often quite different; retailers tend to focus largely on maximizing sales instead of minimizing
travel time. Second, the travel path of the shopper is highly variable and unpredictable, as
opposed to the well-defined flow of materials in a manufacturing facility. Third, department
adjacencies are often purposely violated (e.g., bread and milk) to encourage shoppers to travel
through most of the store to increase impulse purchase. And finally, shopper demand for products
can be influenced by the layout, product placement, promotions, and stimuli. Given these
substantial deviations from the traditional FLP, it should be evident that traditional FLP metrics
such as space utilization, flow of material, material handling costs, and travel time (Meller and
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Gau, 1996; Singh and Sharma, 2006) maybe limited or even inappropriate for retail facility layout
problems.
Previous facility layout research has used metrics such as space utilization, flow of
material, material handling costs, and travel time to evaluate layouts (Meller and Gau, 1996;
Singh and Sharma, 2006). Given the differences indicated above, different metrics would have to
be used to evaluate retail layouts. The retail literature has identified several metrics pertaining to
rack layouts such as sales productivity, shrinkage, shopper time spent in the store, shopper
satisfaction, number of unplanned purchases, and exposure of products (Dunne et al., 1995;
Turley and Milliman, 2000; Lu and Seo, 2015). Among these exposure of products (on the racks)
has been often been alluded to as an important metric and as a sales stimulus (Cairns, 1962;
Cairns, 1963; Anderson, 1979; Dreze et al., 1994). Given that approximately 80% of all purchase
decisions are made in-store, including generally planned, unplanned, and substitute purchases
(POPAI, 2014), it seems intuitive that shoppers will only buy what they see (Ebster and Garaus,
2015). Beyond stimulating sales, increased exposure of products would help shoppers navigate
the store and ease the frustrations that develop when they are unable to find what they are looking
for (D'Astous, 2000). Even recent eye tracking studies suggest that the majority of shopper
attention falls on the products located throughout the store, substantially more than navigational
signs and staff (Harwood and Jones, 2014). Clearly, exposure is important for both the retailer
and shoppers.
In our earlier work, we developed analytical and computational models to quantify the
impact of rack layout on exposure in a retail store (Parikh and Mowrey, 2014). We defined
exposure as the possibility (not the probability) that a rack location could be seen by a shopper as
she traveled past a store section. Our goal was to develop a solution approach that generates a
visual profile of a given rack layout, which could then be incorporated into the shelf space
allocation problem (assignment of products to rack shelves) in order to maximize estimated store
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revenue. However, the question of how best to layout racks so as to maximize exposure has yet to
be addressed.
In this paper we focus on this very issue and subsequently propose an optimization model
for the retail rack layout problem (RRLP). The RRLP is a special case of the FLP that identifies
the optimal placement of rectangular racks within a constrained space in order to maximize the
total rack exposure. Exposure in a rack layout refers to the visible portions of a rack that a
traveling shopper could potentially see as they walk past the layout. Given the complexity
associated with solving the mixed-integer non-linear mathematical programming model , we
propose a heuristic-based solution approach using particle swarm optimization (PSO). We also
conduct a sensitivity analysis of the near-optimal layouts generated by the PSO to variation in
system and shopper parameters. Based on this analysis, we derive several managerial insights.
For instance, orientation of racks in the column closest to the shopper should be less than the
degree of horizontal head movement exhibited by the shopper. Further, multiple competitive
layout designs exist that offer similar exposure values for a given system configuration, meaning
designers have options when selecting a layout that fits their unique preferences and needs.
In what follows, we first review existing literature in Section 2. We then present an
optimization model for the RRLP in Section 3, and a particle swarm optimization based heuristic
to solve the model in Section 4. We evaluate the performance of this heuristic in Section 5 and
discuss results of our experimental study in Section 6. Lastly, we summarize our findings and
contributions in Section 7. Though shoppers may be male or female, we refer to a shopper as her
throughout this paper.

3.2 Previous Research
It is well-known that the traditional FLP of finding the optimum placement of rectangular
machines, departments, or facilities in order to minimize distance or material flow is
combinatorial in nature. Various models and approaches to solve FLP for manufacturing and
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warehousing facilities have been discussed in the literature (Meller and Gau, 1996; Singh and
Sharma, 2006; Gue and Meller, 2009; Kundu and Dan, 2012). However, literature on retail
facility layout is fairly limited.
Retail layout involves two levels of decision making, physical layout of the store
(departments, aisles, and racks) and shelf space allocation. The shelf space allocation problem
typically involves deciding how much shelf space is allocated to a product category and can be
viewed as a hierarchy of decisions that first assigns product categories (already chosen as part of
the assortment planning problem) to departments or areas within the store, then to an area of a
rack located in the department (i.e., middle of rack or end) and finally allocating rack shelf space
(defined by number of facings of a specific product) to specific products and onto the racks
themselves. This decision making problem has been the subject of research in retailing and
marketing literature for decades (Corstjens and Doyle, 1981; Botsali and Peters, 2005; Irion et al.,
2012; Flamand et al., 2016). However, the shelf space allocation decision involves aggregate
estimates of the likelihood of a rack section being exposed to a shopper, which is only determined
after the physical layout of the store (especially, the orientation of racks) has been generated. That
is, the physical layout problem precedes the shelf space allocation problem. We now summarize
what little literature exists relevant to physical store layout before discussing the gaps that
motivate our study.
Peters et al. (2004) were the first to address the retail layout problem and considered three
types of retail layouts: aisle, hub-and-spoke, and serpentine. They developed a department
location assignment model to assigning departments (i.e., groups of products) to locations in
order to maximize impulse purchase revenue. They used a ‘visits’ measure to determine impulse
purchases, which assumed a product could become an impulse purchase if it was seen as the
shopper passed through or visited the location containing the product as they acquired their
planned purchases. Peters modeled the vision of a travelling shopper as perpendicular sight; i.e.,
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they assumed that if a shopper is next to a product, it must be visible. While this is a reasonable
approximation for visibility, the human eye’s field of view is typically forward looking.
Yapicioglu and Smith (2012a) focused on optimally designing a departmental block layout
(departments and aisle space) that maximized the store's revenue, which involved determining the
area and location of departments within a racetrack structure. They too assumed that impulse
purchases were more likely to occur in departments that were frequently visited by shoppers. To
account for this, a mechanism was employed to locate departments with high impulse rates to
areas with high shopper traffic. Yapicioglu and Smith (2012b) reformulated this problem as a biobjective problem where the first objective maximized store revenue based on department layout
and the second maximized the satisfaction of departmental adacencies. Visibility was defined
broadly as the area within the vicinity of a shopper; high traffic zones mean many shoppers will
be in the area, therefore products in the area will be visible.
While the above the above approaches recognize the important of visibility or exposure
when designing a retail layout, these measures are aggregate, and thus limited. Neither measure
accounts for the shopper’s field of view, the dynamics that ensue when a shopper walks past
display racks, or possible obstructions that could limit or eliminate product visibility. Good store
layouts are those that place the greatest amount of products within the shopper's field of vision for
the longest amount of time (Dunne et al., 1995; Burke, 2005; Underhill, 2008).
To address some of these aspects, Sorensen (2008) presents a visibility-based
attractiveness measure that considers the size of marketing media in a store, its orientation to the
shopper, and its distance to the shopper in order to evaluate and compare the ability of the media
to grab the shopper's attention. Similarly, Lu and Seo (2015) present an ArcGIS-based
computational approach to model visibility access and exposure measures that consider the
human field of vision in order to describe a retail layout and compare it with others. Their
measure is similar to the one we use, however, their approach (which is strictly descriptive) is
product specific, requiring knowledge of product location and size, and does not consider
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bidirectional shopper traffic. Our recent work presented a much more refined, analytical and
computational, approach that did not require foreknowledge of products and accounted for the
limits on human field of regard (depth of vision and viewing angle), unidirectional and
bidirectional traffic, and obstructions due to other racks as the shopper travelled through the
system (Parikh and Mowrey, 2014).
In this paper, we use the measure of visibility presented in our earlier work and refer to it
as exposure. Exposure, defined as the possibility (not probability) that a rack location could be
seen by traveling shopper, has been shown to be a predictor of product engagement, making it
immediately relevant to the retail world as a precursor to product sales (Suher and Sorensen,
2010; Lu and Seo, 2015).
Although research exists on departmental layout and product placement on racks, we are
unaware of any work that bridges the gap between the two. Our contributions concentrate on the
intermediate layout problem, optimizing the rack layout within a department in order to maximize
its exposure. We now present a mathematical model and propose an efficient algorithm to solve
this complex problem.

3.3 An Optimization Model for RRLP
The retail rack layout problem (RRLP) can be defined as the optimal arrangement of N racks
within B columns in order to maximize the exposure of the rack facings to a traveling shopper.
The RRLP is similar to the FLP in that it seeks to arrange rectangular objects (racks vs.
departments or machines) within a defined space without overlapping. The aisle structure in
RRLP is simply the spacing between the racks, so it can be sufficiently designed by including an
additional spacing requirement between racks. We make the following assumptions in developing
our optimization model:


the shopper walks in the middle of the main aisle and travels in a straight line.

46



the shopper can turn her head and eyes combined no more than Φ from her direction of
travel.



the shopper can discern recognizable words, logos, and packing up to a distance DOV
away.



racks are available in sections that are 4 ft long and can be attached, end to end, to form
longer racks.
In our model, a rack is composed of multiple rack segments, arranged end to end to

compose rows of rectangular racks, all of which are identical in width and length. We assume a
rack segment to be (2) 2 ft. wide x 4 ft. long racks placed back-to-back (forming a 4 ft. x 4 ft.
segment), which is in line with what we observed at most retail stores in our geographical region.
A column of racks can be broadly defined as an arrangement of racks that all align along the x or
y-axis, have the same orientation (θ) and are separated by a minimum spacing (Ac) to allow
adequate room for shoppers to travel. Table 2 lists all the parameters used in our model, Table 3
lists the decision variables, and Figure 24 illustrates both.

Table 2: Parameters used in our model
Notation
W
L
Ac
Rs
Rw
Ca
Am
Da
α (1-α)
Φ
DOV
I
M

Definition
width of the section (ft)
length of the section (ft)
width of the cross-aisle (ft) between racks in column k
length of a rack segment (ft)
width of a rack’s end cap display (ft)
width of the sub-aisle between columns
width of the main aisle
perpendicular distance of closest corner to the shopper's directional path
percentage of traffic flowing in the primary (opposite) direction of travel
shopper’s angular limit of vision corresponding to half of FoR
shopper’s depth of focused vision, radius of FoR
required amount of rack display in terms of total rack perimeter (ft)
large number
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Table 3: Decision variables used in our model
Notation
ck
wk
θk
vik

rikl

Definition
1 indicates column k exists, 0 otherwise; where k = 1…B
width of column k (ft)
rack orientation measured clockwise from primary direction of travel for column k
1 indicates rack i in column k exists, 0 otherwise, where i = 1…N
number of rack segments in rack i (ft) in column k

x ik'
y ik'
x ik"

x-coordinate of corner between face I and II
y-coordinate of corner between face I and II
x-coordinate of corner between face II and III

y ik"'

y-coordinate of corner between face II and III
adjusted rack orientation
1 indicates θk is greater than 90°, 0 otherwise
0 indicates θk = 0°, 1 otherwise
0 indicates θk = 90°, 1 otherwise
1 indicates rack j is to the right of rack i in column k, 0 otherwise


tk

'
k

t k'
t k"
x
zijk
y
z ijk

1 indicates rack j is above rack i in column k, 0 otherwise

Figure 24 shows a schematic of how we represent a rack layout in our model. In this 2column layout within a predefined space (L ft. long and W ft. wide), column 1 has n1 = 5 racks
oriented at θ1 = 45°, each having 2 - 6 rack segments (or 8 - 24 ft long). Column 2 has n2 = 6
racks oriented at θ2 = 90°, each 6 rack segments long. Columns 1 and 2 are separated by a
sub-aisle that is Ca=5 ft wide.
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W
Column 1
wk

Column 2
wk
Ca

rikl

Rw

Ac

L
θk
III

Da
θk

xik" , yik"

II

IV

Ac

I

Rs

xik' , yik'

xik' , yik'

xik" , yik"

Figure 24: Example 2-column rack layout (b = 2, n1 = 5, n2 = 6)

Our model is inspired by the MIP model for a traditional FLP in the continuous space
(Montreuil, 1990; Tompkins et al., 2010). Accordingly, we use two binary variables to ensure that
row i and row j do not overlap. Since all racks in a column can be oriented 0° ≤ θ < 180°, we use
the coordinates of the lower 2 rack corners to ensuring that rack i is completely north or east of
rack j.
Embedded in this optimization model is a design problem that must first be solved before
exposure can be evaluated. This design problem identifies the number of rack-columns (and their
associated widths) that exist within the design space, and then determines the maximum number
of racks that can be feasibly placed. Because we assume that all rack segments have identical
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dimensions, the width of all rows is identical and fixed, leaving the rack length (number of rack
segments) associated with the rack orientations (θk) for each column k to be solved by the model.
As shoppers travel bidirectionally along the aisle, we estimate exposure of the left or right side of
the pathway from each direction separately and then take the weighted average based on the
traffic flow parameter, .
We propose the following optimization model to determine the optimal rack layout that
maximizes exposure, E on one side of a pathway.

ETotal  αEα  1  α E1α

Maximize:

Subject
to:



Eα  f θ k , Da, Ac, rikl , r jkl , Rw, Φ, DOV





E1α  f 180  θ j , ( Am  Da), Ac, r , r , Rw, Φ, DOV
l
ik

 b

c
w

Ca
  c k  1  W

k k
k 1
 k 1


l
jk



(12)

b

c k  wk

(13)

k

(14)

ck  vik i, k

(15)

vik M  rikl i, k

(16)

xik"  xik'  rikl Rs sin  k'

i, k

(17)
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yik"  yik'  2t k  1rikl Rs cos k'

i, k

(18)

vik 1  t k Rw cos k'  xik' i, k

(19)

1  tk xik"  tk xik"  Rw cos θk'   wk
1  tk yik"  tk yik'  Rw sin θk'  L















i, k

i, k



k , i, j i  j  1...n

(22)





k , i, j i  j

(23)

t k" Rw  1  t k" Rsrikl  Ac
x
 x 'jk  M 1  zijk
cos k'  1  t k"

yik' 

t k' Rw  1  t k' Rsrikl  Ac
y
 y 'jk  M 1  zijk
sin  k'  1  t k'

y
x
z ijk
, z ijk
 vik i, k

(24)

k , i, j

 k'  90 k





i j

(25)

(26)

 k'  t k 180   k   1  t k  k

 k M 2t k'  1  t k'

(21)



xik' 

x
y
zijk
 z xjik  zijk
 z yjik  vik v jk

(20)

k

(27)

k

(28)
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ik
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k

(29)



(30)

 Rw

k 1 i 1

0   k  180
wk , xik' , xik" , y ik' , y ik"  0



rikl  0, Z 



(31)

y
x
c k , vik , z ijk
, z ijk
, t k , t k' , t k"  0,1

The main decision (or system design) variables in this model include the width of column
k (wk), the orientation of racks in column k (θk), the number of fixed-length rack segments for
each rack ( rikl ), and the location of each rack’s lower, interior corner ( x ik' , y ik' ). The objective of
the model is to maximize the exposure of a section that is located on one side of the pathway
while considering both directions of travel. In Constraints (12), Eα estimates the exposure on one
side of the pathway for the α direction of traffic, and E1-α for the same side in the 1-α direction.
Given that the exposure estimate for a general rack layout is not in a closed form, we use the
algorithm presented in our previous work to estimate both Eα and E1-α. This algorithm accounts
for the human’s field of view (both depth of vision and the angular limit of the forward line of
sight) and obstructions.
Constraint (13) ensures that the available width of the section is not exceeded and is
utilized as either available space for racks within each column or as a cross-aisle between
columns. Constraint (14) requires a column’s width to equal 0 when it does not exist, while
Constraints (15) and (16) prevent racks from existing in a column that does not exist. Constraints
(17) and (18) calculate the x and y coordinates of the lower, outside corner point (corner between
Face II and III) based on the coordinates of the lower, interior corner point (located between Face
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A and B) (see Figure 1). Constraints (19), (20), and (21) ensure that rack i is defined within the
bounds of column k, while Constraints (22) - (25) ensure that rack j is sufficiently east (right) or
north (above) of rack i so that minimum cross-aisle distance is maintained. Constraints (26) - (29)
allow the model to adapt to all rack orientations including 0° and 90° orientations. Constraint (30)
guarantees that the minimum amount of display (in linear feet) is met and constraints (31)
indicate bounds on the decision variables.
Montreuil’s MIP is known to be a challenging combinatorial optimization problem and
only problems with a limited number of departments have been solved optimally (Meller and
Gau, 1996; Liu and Meller, 2007; Kulturel-Konak and Konak, 2013). Our RRLP, beyond
inheriting the complex combinatorial challenges from Montreuil’s MIP, also includes additional
features such as nonlinear constraints and an exposure evaluator that is not a closed-form
expression. Though a linearized form of our problem could, in theory, be formulated and solved
optimally, the large number of binary variables required to solve it would likely lead to
computational intractability. Consequently, it is very difficult to solve the RRLP using traditional
optimization methods. We, therefore, pursue a metaheuristic approach to obtain high quality
solutions to the RRLP, similar to how FLPs are typically solved (Montreuil et al., 2004; Liu and
Meller, 2007; Bozer and Wang, 2012; Jolai et al., 2012; Kulturel-Konak and Konak, 2013).
Our proposed solution approach uses particle swarm optimization (PSO) to solve the
RRLP. The primary advantage of PSO is its natural ability to search within a continuous space,
eliminating the need to devise a method of mapping the continuous FLP to a discrete
representation as done in sequence-pair (Meller et al., 2007) and graph-pair representation (Bozer
and Wang, 2012). Further, PSO is robust, has a simple structure, is easy to implement, and has
been shown to obtain high-quality solutions to nonlinear, non-differentiable multi-modal
problems in a relatively quick time. (Shi and Eberhart, 1998; Bansal et al., 2011; Jolai et al.,
2012). We next present our PSO and details of implementation.
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3.4 A Particle Swarm Optimization (PSO) Based Heuristic for the RRLP
PSO is a nature-inspired evolutionary computation method introduced by Kennedy and
Eberhart (1995) that optimizes continuous nonlinear functions. PSO utilizes a population of
particles that explore the solution space by simulating social behavior that resembles a flock of
flying birds or a school of swimming fish. Each particle represents a potential solution to the
problem and evolves through cooperation and competition among the particles themselves
through generations (Shi and Eberhart, 1998). As the swarm searches over time, individuals are
drawn towards each other's successes, resulting in convergence in optimal regions of the search
space (Clerc and Kennedy, 2002).
Our proposed PSO implementation for the RRLP accepts a set of initial feasible solutions
generated using a straightforward greedy approach before improving them. It uses two key
subroutines for every particle at every iteration: (i) layout design, which builds a feasible
arrangement of racks in each column for a given solution (first used to generate initial feasible
solutions and then in improving these solutions) and (ii) exposure evaluation, which estimates the
exposure for this feasible rack layout by simulating a shopper walking through the system. We
then use personal and neighborhood best solutions to update the particles after each iteration. The
high level structure of the PSO is as follows:
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Initialize population of particles with random positions and velocities
Do
For each particle:
Evaluate feasibility of the encoded solution
If Feasible:
Convert encoding to rack layout (Rack design subroutine)
Evaluate Constraint
If satisfies constraint:
Evaluate fitness function (Exposure subroutine)
If fitness value is greater than global best:
Set current solution as global best
If fitness value is greater than neighborhood best:
Set current solution as neighborhood best
If fitness value is greater than particle best:
Set current solution as particle best
Else:
Reject solution
Else:
Reject solution
End
For each particle:
Update particle velocity
Update particle position
End
Until termination criterion is met

Below we first discuss how we represent a solution for the RRLP in PSO and then summarize the
key steps in each subroutine.

3.4.1 RRLP Solution Representation in PSO
Our proposed PSO-based solution approach searches the multi-dimensional solution
space to determine the number of columns (k), their associated widths (wk), and the corresponding
rack orientations (θk). We used a swarm of 20 particles in line with Clerc and Kennedy (2002). In
our experiments, each particle represents a solution within the search space and is treated as a
point in multi-dimensional space where each dimension represents a different variable or
parameter in the solution.
We represent a solution as a string of real numbers, that consists of 2K-1 elements, where
K is the number of possible columns of racks. The first K elements represent the rack angle (θk)
for each possible column (k) and the following K-1 elements represent the column width ratios
55

(width of column k / available space). To illustrate this encoding, assume that the available width
of the store section where the racks would be laid out is W=40ft and the spacing between all
columns is Ca=4ft. If K=3 columns, the solution representation would include 5 elements. A
possible solution representation for a particle could be {θ1, θ2, θ3, w1/W, w2/(W-w1-Ca)} =
{45,90,30,0.5,0.5}. From the width ratios, we can calculate the column widths as
w1=0.5*40=20ft, w2=0.5*(40-20-4)=8ft, and w3=40-20-4-8-4=4ft. Notice that the available space
reduces for each subsequent column as it must account for the space required by the sub-aisle that
is located between 2 columns. Feasible solutions will satisfy 0° ≤ θk < 180° and
0 ≤ width ratio ≤ 1 for each column. Solutions that are not feasible are not evaluated and not
considered as either personal or local best (Kennedy 2007).

3.4.2 The Subroutines: Layout Design and Exposure Evaluation
The layout design subroutine interprets the encoded solution into a physical layout. This
routine first determines the number of columns, k, and their associated widths, wk, in the layout.
Next, it fits as many racks at θk orientation as is feasible into each column. One approach to do
this is to assume that the starting position of the first rack in a column is always a corner of the
available space. We use the lower left-hand corner as the starting point for acute orientations and
the upper left-hand corner as the starting point for obtuse orientations. Each rack is always
designed for its maximum allowable length without violating the boundaries of the column. Once
the layout is designed from the solution encoding, it is evaluated with respect to the model
constraints. We calculate the total amount of display for each layout to see if it satisfies the
minimum requirement. Solutions that meet the display requirement are passed on for exposure
evaluation. If the minimum display constraint is not met, the solution is assigned an exposure
value of 0, ensuring that it will not be selected as either a personal or neighborhood best solution.
The second subroutine, exposure evaluation, accepts each feasible layout solution and
evaluates it in accordance with the specified fitness function. In our case, our fitness function, E,
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is not a closed form solution. To determine the amount of exposure a layout produces for a given
shopper’s Φ and DOV, we use the slicing algorithm (Parikh and Mowrey, 2014).

3.4.3 Personal and Neighborhood Best Solutions
Each particle (corresponding to a feasible rack layout) retains the memory of its personal
best solution (pid) and its neighborhood best solution (gid), and uses this information to update its
trajectory within the search space and determine its solution in the next iteration. Obviously, pid is
the current best value of dimension d of the ith particle; gid is the best value among all the
particles in the neighborhood.
A popular neighborhood structure used in PSO is the star, or global best topology, which
is known to produce rapid swarm convergence, and so is frequently used throughout literature
(Yapicioglu et al., 2007). Unfortunately, when all particles receive the same information, they all
tend to travel to the same location in space. More often than not, the region of the search space
that produces the first good result becomes an attractor for the entire swarm and often leads to
early convergence (Kennedy, 2007). To avoid this pitfall, we utilize a ring, or nearest neighbor
topology (referred to here as local best) using a neighborhood size of 3 particles (Kennedy, 2007;
Yapicioglu et al., 2007). In this neighborhood structure, each particle only communicates with its
two nearest neighbors. The local best topology is good for functions with local optima because it
slows the spread of solutions through the swarm and increases the probability of finding the
global optimum. After updating the personal and local best solutions, the algorithm updates each
particle's velocity and position.

3.4.4 Solution Updating
A particle's position within the search space at iteration (t) is based on its previous position and its
updated velocity as shown in (32). The particle velocity, specific to each dimension of the
solution, is given in (33) and is composed of three primary parts; velocity from the previous
iteration, cognitive or selfish influence, which uses the particle's personal best to simulate the
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private thinking of the individual particle, and social influence, which represents collaboration
among the particles in the swarm using the local best (Shi and Eberhart, 1998; Jolai et al., 2012;
Ozturkoglu et al., 2014).

xidt  xidt 1  vidt



(32)







vidt  K vidt 1  c1r1 pid  xidt 1  c2 r2 g id  xidt 1



(33)

The movement toward personal or local best is determined by r1 and r2, which are both random
numbers, uniformly distributed [0,1]. To prevent an explosion of the particle’s velocity towards
infinity due to this random weighting, Eberhart and Shi (2000) proposed the use of a liberal
θ
velocity limit, Vmax. In accordance with their recommendation, we set -180° ≤ Vmax
≤ 180° for
WR
orientation components and -1 ≤ Vmax
≤ 1 for width ratio components. We set acceleration

constants c1=c2=2.05 and constriction coefficient K=0.7298 as suggested by Clerc and Kennedy
(2002). The PSO terminated after 100 iterations with no improvement in the global best solution.
Particle convergence was observed.

3.5 Performance of PSO-based Heuristic
To evaluate the performance of the proposed PSO-based heuristic we compared the
solutions generated by the PSO to a grid search algorithm that conducts an exhaustive search of a
manually-specified subset of the solution space. We evaluated the solution quality and run times
over three different store section sizes (22 ft. x 40 ft., 40 ft. x 40 ft., and 58 ft. x 40 ft.), and three
different Φ values (45º, 60º, and 90º) (Table 4). The grid search algorithm assumed a maximum
of 2 rack columns within the section and evaluated every integer combination of θ1 and θ2 (in 5°
rack angle increments) for 0.1≤WR≤1 at each 0.1 ft increment. In the PSO we allowed θ1 and θ2
to assume values to the 0.1° rack angle increments; WR was allowed to assume any decimal

58

value. The CPU times are based on a personal computer with a Intel(R) Core(TM) i7-3770 CPU
3.4 GHz processor and 16 GB RAM; the PSO was coded in Python.
As you can see from Table 4, our PSO found solutions as good or better than those
discovered by the course grid search within a fraction of the grid search's time. Note that while
the PSO was given the option to evaluate much finer rack angle and WR increments, and hence
could find better solutions than the grid search algorithm, the fact that it found such solutions so
quickly provide some evidence that it is an effective solution to this fairly complex RRLP. We,
hence, used our proposed PSO-based heuristic to conduct a series of experiments to derive
managerial insights.
Table 4: Performance of PSO against Grid Search
22' x 40'

Φ=45°

Grid 38.55 898.88

Φ=60°

Time % of Grid
(min)
Time

Grid 54.25 867.20

Φ=90°

E
(ft)

40' x 40'

Grid 72.00 899.81

PSO 39.75 32.58

PSO 55.38 29.20

PSO 72.00 29.95

E
(ft)

Time
(min)

58' x 40'

% of Grid
Time

68.60 1793.98
3.62%

70.88

53.10

98.88

74.11

2.96%

136.62

62.22

% of Grid
Time

103.38 100.06

3.63%

134.85 2641.12
4.13%

136.25 1869.45
3.33%

Time
(min)

95.30 2758.50

97.40 1795.75
3.37%

E
(ft)

147.25 120.02

4.54%

204.35 3259.58
3.33%

204.75 109.45

3.36%

3.6 Experimental Study
In the remainder of this section, we analyze the best rack layout designs generated by the
PSO-based heuristic. We consider a 40 ft x 40 ft section and assume bidirectional shopper traffic
(α=0.5) with shoppers traveling 5 ft. away from the nearest point on a rack. We allow up to three
columns of racks assuming cross-aisle and sub-aisle widths are 4 ft each and consider variations
in shopper and system parameters.
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3.6.1 Impact of Shopper Parameters: DOV and Φ
Our preliminary work indicated that exposure is sensitive to shopper head and eye
movements. Considering that the degree with which a shopper scans the environment in front of
them depends on many factors such as mood, task, stimuli, and familiarity with the store, we
evaluate two levels of head and eye rotation: small movement, Φ = 45º (to one side of the forward
line of sight), and large movement, Φ = 90º. The depth of focused vision at which a shopper is
able to recognize products is known to have a direct relationship with the height of the target and
its distance to the shopper; we investigate two depths, 25 ft and 65 ft, which may correspond to
large items placed at far distances, small objects placed at short distances and various
combinations between.
We ran all combinations of Φ and DOV for this scenario and then analyzed the solutions
that produced E within 1% of the maximum exposure found. Figure 25 - 30 illustrate our
findings, where the minimum display requirement (constraint 30 in the RRLP model) was set to 0
(see Section 3.6.2 for results and insights with non-zero values). Based on these results, we
observe the following:

Obs. 1: For DOV = 65 ft, solutions that result in the highest exposure can be either 1-column and
2-column rack layouts.
Before a location can be exposed, it must first exist. Consequently, the rack layouts that
achieve highest exposure for DOV = 65 ft seem to be those that seek to fill out the given space.
With a DOV = 65ft, the entire design section falls within the shopper's FoR and potentially
contributes to overall exposure. Further, large head movements (Φ=90º) coupled with large DOV
means an increase in the size of the FoR. This allows more of the racks to be exposed making
both 1-and 2-column solutions possible. Note that sub-aisles required in multiple column layouts
reduce the number and or length of rack sections that can be feasibly placed, which cause the best
solutions to gravitate away from 3-column solutions.
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Figure 25 illustrates multiple competitive rack angles for 1- and 2-column designs (2column designs are equivalent to 1-column solutions in terms the objective function value); note
that approximately 44 angles appear to be the best for Φ=45° for 1-column designs (similar to
Parikh and Mowrey, 2014), while 80°-89° angles appear the best for Φ=90° in 1-column designs
and widens in 2-column designs. We illustrate example layouts from these results in Figure 26.

θ2
θ1

o Φ = 45°

 Φ = 90°

θ1

o Φ = 45°
(a) 1-column solutions

 Φ = 90°

(b) 2-column solutions

Figure 25: Best rack angles for DOV=65 ft solutions for unlimited rack length and no minimum
display

(a) 44.8º

(b) (88º,86.5º)

Figure 26: Example 1- and 2-column design for DOV=65 ft
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Obs. 2: For DOV = 25 ft, regardless of head movement (i.e., Φ), competitive rack layouts can
have either 1-, 2-, and 3- columns.
Shoppers characterized with small DOVs have FoRs that only partially penetrate the
40 ft x 40 ft space. Since exposure only occurs within the FoR, best designs generated with
DOV = 25 ft tend to gravitate towards 1-column solutions. As long as the width of the first
column is wide enough to capture the extent of the FoR's penetration, maximum exposure will be
achieved. As the remaining area in the given space, after the 1st column, does not contribute to
exposure, the addition of a 2nd or 3rd column will not affect the exposure (objective function).
Figure 27 and Figure 29 show 1-, 2- and 3- column solutions for DOV=25 ft. Similar
phenomena are observed , with respect to DOV=65 ft, where approximate 44 angles are best for
Φ=45° in all designs while 80°-89° angles appear the best for Φ=90° in 1-column designs and
widens in 2- and 3-column designs. We illustrate example layouts from these results in Figure 28
and 30.

θ2

θ1

o Φ = 45°

 Φ = 90°
θ1

o Φ = 45°
(a) 1-column solutions

 Φ = 90°

(a) 2-column solutions

Figure 27: Best rack angles for DOV=25 ft solutions for unlimited rack length and no minimum
display
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(44.4º, 90º)
Figure 28: Example 2-column design for Φ = 45°, DOV=25 ft

θ1

θ2

θ3

θ3

θ2

θ1

(85.9º, 90.0º, 0º)
o Φ = 45°

 Φ = 90°

Figure 29: Best 3-column rack angles for DOV=25
ft solutions for unlimited rack length
and no minimum display

Figure 30: Example 3-column design for
Φ = 90°, DOV = 25 ft.

Obs. 3: Rack angles for the first column (θ1) tend to be ≤ Φ, independent of DOV.
Observe in Figure 25, 27, and 29 that the rack angles that produce the highest amounts of
exposure appear to be less than or equal to their respective Φ when minimum rack display value
is 0 (constraint 19). Notice that the orientation for θ1 is nearly 45º when Φ = 45º regardless of
DOV. Similarly, a range of values ≤ 90º is observed for large head movements. Clearly, the
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shopper's head and eye movement (horizontal scanning behavior) strongly influences the rack
layout (at least those closest to the shopper), arguably more so than the shopper's DOV.

3.6.2 Impact of Minimum Display
While the above observations were for situations where the minimum rack display value
was set to 0, it is likely that retail managers would prefer to limit the loss in the display space
compared to their current layout (often 90 rack angles) in exchange for increased exposure. We,
therefore, explore the impact display requirements have on the quality of solutions generated by
the heuristic and how they differ from those reported previously. Using the same Φ and DOV
combinations, we applied multiple display constrains to see how maximum exposure was
affected. Figure 31 and 32 illustrate our findings, based on which we observe the following:

Obs. 1: Increase in E over 90º racks is a non-decreasing function of the allowable display loss.
Figure 31 shows the increase in E with respect to 90º that is associated with various
display requirements across all Φ and DOV combinations. Intuitively, E should increase as we
allow the racks to be more angular, resulting in a higher loss in the display space as compared to
90º (baseline layout), it does only to a certain extent. We set Constraint 30 to a value between 0
(100% allowable loss) and x (0% allowable loss), where x corresponds to the display of an
equivalent 90 baseline rack layout. In our experiments, x = 440 for the system settings
mentioned at the beginning of Section 6.
Observe in Figure 31 that %-increase in E over 90 layout increases as allowable loss of
display increases up to a point and then it flattens. There exists a threshold value of %-loss in
display space at which the %-increase in E is maximized. In our experiments, we found the range
of this threshold value to between 5-25% of loss. To increase exposure, racks must align well
with Φ, but this alignment reduces the display space given the space constraint. Eventually, there
is a point after which the reduction in the rack sections in the layout (due to rack alignment with
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Φ) is such that there is not enough to be exposed. Hence, even though the model is allowed to
find solutions with a higher allowable %-loss in display space, it settles at the threshold value
which trades-off a reduction in %-increase in E against reduction in %-loss.

200%
% Increase in E over 90º

Φ=45°, DOV=65ft
150%

Φ=45°, DOV=25ft

100%

Φ=90°, DOV=25ft
50%

Φ=90°, DOV=65ft
0%

0%

25%

50%

75%

100%

% Loss of Display

Figure 31: %-increase in E with respect to 90° orientation for various %-loss in display space

Obs. 2: Small FoRs are sensitive to display constraints.
In the previous section, we observed that θ1 ≤ Φ. Analysis of the layouts produced with
display constraints confirmed the robustness of this observation. When we examined θ1 values at
display loss = 25%, we observed similar results where θ1 was nearly 45º when Φ = 45º and
ranged approximately 79º-89.9º when Φ = 90º for all Φ and DOV combinations. As allowable
display loss decreased beyond 25%, all combinations continued to show θ1 in these ranges with
the exception of Φ=45º and DOV=25 ft.
In Figure 32, we see that for Φ=45º and DOV=25 ft., θ1 decreases with a decrease in
allowable display loss. It appears that as more display is required, more acute orientations are
selected (Figure 33). We reason that this occurs because this particular combination of shopper
characteristics produces the smallest FoR out of all considered and its limited reach into the
design space results in substantially fewer competitive designs that produce maximum exposure.
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It is worth noting that at 5% loss, Φ=45º and DOV=65 ft. also generated layouts with θ1 at nearly
0º. Of course at such a narrow constraint, it is reasonable that a 0º orientation would emerge since
it could offer the same amount of display as 90º but with a slightly higher exposure.

θ1

θ2

θ1

(a)

θ3

θ3

θ2

θ2
θ1

(c)

θ1

(b)
Figure 32: Best orientations for DOV = 25 ft. and Φ = 45º for unlimited rack length with
minimum display

31.7º
Figure 33: Example 1-column design for Φ = 45°, DOV = 25 ft. at 15% loss of display
66

Obs. 3: Nontraditional layouts can produce substantial improvements in exposure when shoppers
make small head movements.
Notice that the top two exposure lines in Figure 31, showing increases of >50% and
200% respectively, are produced by Φ = 45º. Those associated with large head movements result
in less than 50% increase in exposure. This is because narrow head movements allow only a
small percentage of 90º racks into the FoR. As rack orientation becomes more acute, more racks
fall within the FoR and increase exposure. When Φ = 90º, more of the 90º racks are exposed, and
so the increase in E as racks become more acute is less impactful. For this reason, substantial
increases in E are observed in scenarios when Φ is narrower, making acute rack orientations more
appealing in those cases.

3.7 Conclusion
The physical layout of the retail store is known to influence the attitude and behavior of
shoppers and affect store performance. An important role of the store layout is to expose
merchandise to customers in order to facilitate consideration and ultimately purchasing of the
products. Key locations known to be highly visible to shoppers are considered extremely valuable
to retailers and are sought after by manufacturers because they are known to increase sales and
satisfy customers. In our work, we present an MIP model and solution procedure that allows store
designers to create significantly better rack layout designs with respect to product exposure.
The main contribution of our work is the identification and formulation of the RRLP,
which is important because it sheds light on a component of retail design that had previously been
ignored - the racks that display the products. Results indicate that non-traditional layouts can
produce substantially larger amounts of exposure, as compared to their 90° counterparts, even
with competitive amounts of display. They also indicate that many designs can produce the same
amount of exposure, meaning designers have options when selecting a layout that fits their unique
preferences and needs.
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Our work continues to highlight the sensitivity of exposure to the characteristics of the
shopper, confirming that there is no such thing as a one-size-fits-all approach to retail design. If
anything, our work invites researchers to consider and investigate additional measures that could
help identify top performers. With this paper we add to the limited amount of literature on retail
facility layout and hope to motivate future work in retail design from within the research
community.
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4

Conclusions and Future Research

What a shopper buys is influenced by the physical layout of the store. A retailer’s ability
to expose products despite ever-changing product mix and variable, often unpredictable, shopper
paths affects the store’s revenue. Retailers typically prefer a layout that maximizes revenue and
reduces restocking costs, while shoppers prefer a layout that supports shorter travel paths, ease of
search, and an overall good shopping experience. The common denominator to both is exposure.
What is not seen is likely not going to be bought, unless of course it was planned.
Our research was motivated by observing variable rack orientations at stores of two
leading retailers in the US. The lack of academic literature on retail layout prompted us to
develop tools that quantified exposure with regards to a shopper’s field of vision (defined by
depth and angle) and the presence (or lack) of obstructions between the product and the shopper.

4.1 Contribution 1
We proposed an analytical model to estimate exposure of rack locations along a travel
path, along with a slicing algorithm to estimate both exposure and intensity of exposure for a
variety of system configurations. Our preliminary analysis led us to the following insights:


Exposure is heavily dependent on shopper’s visual characteristics, along with head and eye
turns, that determine the field of regard.



For unidirectional travel, acute orientations (around 30 for the layout analyzed) tend to
provide the highest exposure values (~250% higher than 90 racks).
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For bidirectional travel, acute orientations still appear to have the highest exposure
compared to 90 racks. However, for wider head movements and nearly balanced
bidirectional traffic, racks with highest exposure are less acute.



Several competitive rack layouts may exist allowing the retailer to choose the one that may
be best for a given store section. Tradeoffs exist between exposure, intensity, space, and
shape for a given rack orientation. Rack orientations with higher exposure and/or intensity
values likely require larger sections (in terms of space) and/or produce less desirable shapes
(in terms of aspect ratio).

4.2 Contribution 2
We introduced the RRLP and presented a mixed-integer non-linear mathematical
programming model to optimally design a store section by maximizing the exposure of the racks
within it. Given the complexity associated with solving this model optimally, we developed a
heuristic-based solution approach using particle swarm optimization (PSO) and conducted a
sensitivity analysis to evaluate how optimal exposure varied in response to variation in system
parameter, minimum display, and shopper parameters, Φ and DOV. From this analysis, we
derived the following insights:


Multiple competitive layout designs with 1-, 2-, and even 3-columns exist that offer similar
exposure values for a given system configuration; in scenarios where DOV=65 ft, the best
layouts will gravitate towards 1- and 2-column solutions.



Maximum exposure of layouts is sensitive to shopper visual characteristics; orientation of
racks in the column closest to the shopper will gravitate toward Φ.



The %-increase in exposure over the baseline 90º rack layouts is a non-decreasing function
of the allowable display loss.



Nontraditional layouts can produce substantial improvements in exposure when shoppers
make small head movements.
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4.3 Future Research
We believe this research will lay the foundation for future work that will eventually lead
to designing all pathways for the entire store. However, because retail facility design is relatively
unexplored within IE/OR, there are many other opportunities for future research beyond the
obvious whole-store design. We present these extensions of our work below.
Extending our models to analyze exposure from a 3D perspective would be the next
logical step, as would analyzing the exposure of non-traditional racks that have recently appeared
in the retail setting; e.g., curved racks sold by supplier Madix (2013).
Our models assumed bidirectional shopper traffic within an aisle; however, future
research could consider bidirectional traffic at the 3-way or 4-way intersection of two pathways.
Alternately, exposure of a section could consider shopper traffic that travels along all 4 sides of a
section (analogous to a shopper walking around a store department via the main aisles) or shopper
deviation from path. Our slicing algorithm could easily be modified to accommodate these
variations in the shopper's path. Similarly, minor modifications to the line-of-sight vectors in the
algorithm could simulate a non-forward line of sight, allowing future research to investigate the
affect external stimuli such as sound or lights could have on exposure.
In terms of optimization, obvious paths of future work could include the incorporation of
additional decision variables, such as cross-aisle width, individual rack orientations and rack
staggering. Future researchers could also consider pursuing bi-objective models that maximize
exposure and display. Extensions of our optimization model could incorporate additional
measures such as intensity of exposure in order to further differentiate between good and better
layouts.
Further analysis should be performed to better understand the sensitivity of exposure to
other rack parameters such as width and segment length. Both of these parameters affect the
space required by racks, and so by extension would affect their exposure. It is possible that by
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allowing smaller rack segments or widths, more of the store section could be occupied by racks
and orientations other than those near Φ could offer maximum exposure.
Beyond retail facility design, future work could extend the models presented here in nonretailing applications such as highways and airports (signage placement), museums and zoos
(exhibit placement), hospitals and care facilities (location of nurses station or observation desks),
security (camera placement), landscaping and urban planning (hiding unsightly structures), or
theaters (location of screens or, alternately, seats). Future research could also include the use of
experimental studies to confirm and refine the models presented in this work with empirical data.
The use of our approach in virtual environments would also be highly applicable. A
recent trend in experiential retailing has seen the emergence of virtual reality in the retail setting.
Extension of our models into virtual retailing offers the ability for retailers to customize a virtual
setting to an individual virtual shopper. Our solution procedures involving particle swarm
optimization offer the opportunity for solutions to be generated in real-time.
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Appendix
In this appendix, we describe the details of the analytical exposure models discussed in
Sections 2.3.1 and 2.3.2 and the analytical space and shape models discussed in Section 2.6.
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Figure A.1: Visible portion (bold line) of the First Rack for rl=25 ft, rw=4 ft, da=5 ft, ac=5 ft,
Φ=45° at the following orientations: (a) 0°, (b) θL1, (c) 30°, (d) Φ, (e) 65°, (f) 90°, (g) Φ', (h) θL2,
(i) 155°, (j) θL3,(k) 180°
A.1

Phase 1 - First Rack
It is reasonable to assume that we (i) see the rack closest to the main aisle and (ii) do not

see the second column of racks next to it. Initially, Face A is the first face encountered by a
shopper. The exposure of Face A on the first rack, however, is the same as the exposure on the
remaining racks. Because this value is repeating, and not unique to the first rack, it is accounted
for later in Section A.2 where we discuss the exposure calculations for Face A. Since we do not
consider Face A here, the exposure for the Front Face on the first rack, EFR = 0 (Figure A.1a) and
remains so for low values of θ.
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When the rack orientation (θ) surpasses the first rotation limit, say θL1, a portion of Face
B becomes exposed (Figure A.1c). Figure A.3 shows the geometry of the Front Face on the first
rack when θL1 ≤ θ ≤ Φ. The exposed portion of Face B is calculated using trigonometry as EFR =
DOV - z where 𝑧 =

𝑑𝑎 +𝑥
sin 𝜃

and 𝑥 = 𝑟 cos 𝜃. This expression captures the maximum amount of Face

B that is exposed to the shopper, occurring when φc (the orientation made from the shopper's
direction of travel and the rack corner) equals θ. Note that it is when θ > θL1 that Face B is seen;
i.e., the exposure of the first rack when θ = θL1 is 0. To determine the value of θL1 we set EFR =
𝐷𝑂𝑉 −

𝑑𝑎 +𝑟𝑤 cos 𝜃
=
sin 𝜃

0. The value of θL1 can easily be obtained numerically.
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Table A.1: Exposure expressions for the
unobstructed first rack of the pathway
Bound
0° ≤ θ < θL1

EFR
0
𝑑𝑎 + 𝑟𝑤 cos 𝜃
θL1 ≤ θ ≤ Φ
𝐷𝑂𝑉 −
sin 𝜃
𝐷𝑂𝑉𝑤 − 𝑑𝑎 − 𝑟𝑤 cos 𝜃
Φ ≤ θ ≤ 90°
sin 𝜃
𝐷𝑂𝑉𝑤 − 𝑑𝑎
90° ≤ θ ≤ θL2
sin 𝜃 ′
𝐷𝑂𝑉𝑤 − 𝑑𝑎 − 𝑟𝑙 sin 𝜃 ′
θL2 ≤ θ ≤ θL3 𝑟𝑙 +
cos 𝜃 ′
θL3 ≤ θ ≤ 180°
r l + rw
As θ increases further, the amount of rack exposure along Face B increases up until the
Face B is in line with the angular limit of the shopper's FoR; i.e., θ = Φ (Figure A.1d). The
exposure expression when Φ ≤ θ ≤ 90, is given by EFR =

𝐷𝑂𝑉𝑤 −𝑑𝑎 −𝑟𝑤 cos 𝜃
.
sin 𝜃

This equation assumes

DOVw ≤ da + rl at θ = 90°. When θ ≥ 90° (Figure A.1f), the increase in exposed rack length along
Face B is given by EFR =

𝐷𝑂𝑉𝑤 −𝑑𝑎
.
sin 𝜃′

This expression holds until the rack orientation equals the

second rotation limit, called θL2. At θ = θL2, EFR = rl (Figure A.1h). To calculate θL2, we set
EFR =

𝐷𝑂𝑉𝑤 −𝑑𝑎
sin 𝜃′

= rl, and solve for θL2 numerically.

Between the second and third rotation limit, referred to as θL3, Face B is entirely and
uniquely seen, i.e., the B face exposure on subsequent racks is different, and the C face can now
be seen (Figure A.1i). As θ increases from θL2 to θL3, the amount of visible rack along the C face
increases and is given as EFR = 𝑟𝑙 +

𝐷𝑂𝑉𝑤 −𝑑𝑎 −𝑟𝑙 sin 𝜃′
.
cos 𝜃′

We set the exposure equation for the θL2 ≤ θ

≤ θL3 bound equal to rl + rw (the maximum exposure for Faces B and C) to obtain θL3 (Figure
A.1j). From θL3 to 180°, both Face B and C are entirely visible. The first face exposure
expressions for each set of bounds are listed in Table A.1. Note that θ' is the supplementary
orientation to θ; i.e., θ' = 180 - θ.
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A.2

Phase 2 - Faces A, B, C, and D
In this step we develop analytical models for each of the four faces following the same

methodology discussed in Step 1, except that we now account for racks 2 ... n-1, accounting for
obstructions due to preceding racks (starting from the first rack).
Table A.2: Exposure expressions
for Face A's along the pathway
Bound
0° ≤ θ < Φ'
Φ' ≤ θ ≤ 180°

EA
nrw
0

Face A: Face A is one of the two end-caps on a rack; the other being Face C. We assume that
tan 𝛷 ≥

𝑟𝑤
,
𝑎𝑐

meaning for the given angular limit of exposure, the cross aisle between 2

neighboring racks is large enough so that the entire rack width of the proceeding rack is seen.
Consequently, Face A is not obstructed by the preceding rack at θ = 0°. Because the cross aisle
distance (ac) is maintained, we can also conclude that Face A remains unobstructed as the racks
rotate. We also assume that da + rw ≤ DOVw at θ = 0°, so that the exposure of all repeating Face As
is simply EA = nrw for 0° ≤ θ ≤ Φ'. Figure A.2 illustrates this assumption; notice that as the
shopper travels, all of Face A falls within the shopper's FoR.
Table A.3: Exposure expressions for Face B's along the pathway
Bound
0° ≤ θ ≤ θL1

EB
0
𝑑𝑎 + 𝑟𝑤 cos 𝜃
θL1 ≤ θ ≤ Φ
(𝐷𝑂𝑉 −
) (𝑛 − 1)
sin 𝜃
𝐷𝑂𝑉𝑤 − 𝑑𝑎 − 𝑟𝑤 cos 𝜃
Φ ≤ θ ≤ θL4
(
) (𝑛 − 1)
sin 𝜃
𝑎𝑐
𝑟𝑤 + 𝑎𝑐
(
−
) (𝑛 − 1)
θL4 ≤ θ < 90°
tan(𝜃 − Φ)
tan 𝜃
90° ≤ θ ≤ Φ' ((𝑟𝑤 + 𝑎𝑐 ) tan(𝜃 − 90) + 𝑎𝑐 tan(90 − 𝜃 + Φ))(𝑛 − 1)
Φ' ≤ θ ≤ θL5
(𝑟𝑤 + 𝑎𝑐 )[tan(𝜃 − 90) − tan(𝜃 − 90 − Φ)](𝑛 − 1)
θL5 ≤ θ ≤ 180°
(n-1)rl
When θ ≥ Φ', the repeating Face A falls in line with, and then behind, the angular limit of
the shopper's FoR and ceases to be seen. The exposure of Face A (bold line) as the rack
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orientations changes is illustrated in Figure A.4 and its expressions for each set of bounds are
listed in Table A.2.

Face B: Face B is obstructed and unseen at θ = 0°, and continues to be unseen until θ reaches θL1.
Between θL1 and Φ, similar to the first rack, maximum exposure is achieved when φc = θ. Because
EFR accounts for Face B on the first rack at θL1 ≤ θ < Φ, for the same bound we calculate the
exposure of Face B as EB = (𝐷𝑂𝑉 −

𝑑𝑎 +𝑟𝑤 cos 𝜃
) (𝑛
sin 𝜃

− 1).
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Figure A.4: Visible portion of Face A
(rl=25 ft, rw=4 ft, da=5 ft, ac=5 ft, Φ=45°)
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Figure A.5: Visible portion of Face B
(rl=25 ft, rw=4 ft, da=5 ft, ac=5 ft, Φ=45°)

As θ increases further, Face B continues to mirror the first rack until the fourth rotational
𝐷𝑂𝑉𝑤 −𝑑𝑎 −𝑟𝑤 cos 𝜃
) (𝑛
sin 𝜃

limit, say θL4, is reached (i.e., EB = (

− 1) for Φ ≤ θ ≤ θL4). At θ = θL4, the

corner of the proceeding rack begins to obstruct the exposure of Face B. When Φ ≤ θ ≤ 90°,
𝑎

𝑐
exposure is calculated as EB = (tan(𝜃−Φ)
−

𝑟𝑤 +𝑎𝑐
) (𝑛
tan 𝜃

− 1). Setting the expression for Φ ≤ θ ≤ θL4

equal to the expression for θL4 ≤ θ ≤ 90° allows us to numerically derive θL4.
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Figure A.6: Visible portion of Face C
(rl=25 ft, rw=4 ft, da=5 ft, ac=5 ft, Φ=45°)

Figure A.7: Visible portion of Face D
(rl=25 ft, rw=4 ft, da=5 ft, ac=5 ft, Φ=45°)

Note that the exposure of Face B reaches its minimum value at 90°. Beyond 90°, Face B
becomes less obstructed by the previous rack and EB = ((𝑟𝑤 + 𝑎𝑐 ) tan(𝜃 − 90) + 𝑎𝑐 tan(90 −
𝜃 + Φ))(𝑛 − 1) until θ = Φ'. At θ = Φ' (where Φ' = Φ + 90°), the racks are oriented orthogonally
to the FoR and beyond this point EB = (𝑟𝑤 + 𝑎𝑐 )[tan(𝜃 − 90) − tan(𝜃 − 90 − Φ)](𝑛 − 1). This
expression holds until the entire length of Face B is visible at the fifth rotational limit, say θL5. We
find θL5 by setting EB = (𝑟𝑤 + 𝑎𝑐 )[tan(𝜃 − 90) − tan(𝜃 − 90 − Φ)](𝑛 − 1) = rl. From θL5 to
180°, the entire Face B is exposed, and so EB = (n-1)rl. The exposure Face B (bold line) as the
rack orientation changes is illustrated in Figure A.5 and its expressions for each set of bounds are
listed in Table A.3.
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Table A.4: Exposure expression for Face C along
the pathway
Bound
0° ≤ θ ≤ θL5

EC
0

θL5 ≤ θ ≤ θL6

[

((𝑟𝑤 +𝑎𝑐 ) tan(𝜃−90))−𝑟𝑙
tan(𝜃−Φ−90)

θL6 ≤ θ ≤ 180°

− (𝑟𝑤 + 𝑎𝑐 )] (𝑛 − 1)

rw(n-1)

Face C: Face C is the other end-cap, which at θ = 0° is unseen. As θ increases, Face C remains
unseen until θL5 is reached. As stated in the previous section, the entire Face B is exposed at θL5,
and so at θ ≥ θL5, Face C begins to be exposed, which can be calculated as EC
((𝑟𝑤 +𝑎𝑐 ) tan(𝜃−90))−𝑟𝑙

=[

tan(𝜃−Φ−90)

− (𝑟𝑤 + 𝑎𝑐 )] (𝑛 − 1).

Exposure along Face C increases as θ increases until it reaches its maximum value, rw, at
the sixth rotational limit, say θL6. We obtain θL6 by setting EC =

((𝑟𝑤 +𝑎𝑐 ) tan(𝜃−90))−𝑟𝑙
tan(𝜃−Φ−90)

− (𝑟𝑤 + 𝑎𝑐 )

= rw. At θ ≥ θL6, all of Face C face is exposed and so EC = rw(n-1) for θL6 ≤ θ ≤ 180°. The
exposure of Face C (bold line) as the rack orientation changes is illustrated in Figure A.6 and its
expressions for each set of bounds are listed in Table A.4. Notice that there is a small difference
in orientation between limit θL5 and θL6.
Table A.5: Exposure expressions
for Face D along the pathway
Bound
0° ≤ θ ≤ θL7

ED
nrl
𝐷𝑂𝑉𝑤 − 𝑑𝑎
sin 𝜃
0

θL7 ≤ θ < Φ
Φ ≤ θ ≤ 180°

Face D: From previous assumptions, we conclude that Face D is entirely exposed at θ = 0° as the
shopper travels down the pathway. This remains the case as θ initially increases as illustrated in
Figure 19. Since Face D is not accounted for in the first EFR expression, ED = nrl for 0° ≤ θ ≤ θL7.
When the seventh rotational limit, say θL7, is reached, Face D steadily rotates out of the FoR and
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exposure decreases as defined by ED =

𝐷𝑂𝑉𝑤 −𝑑𝑎
.
sin 𝜃

Setting this expression equal to its maximum

value of rl, we obtain the value for θL7.
When θ = Φ, Face D falls in line with the angular limit of the shopper's FoR and ceases to
be seen. From this point on, Face D is unseen; i.e., ED = 0 for Φ ≤ θ ≤ 180°. The exposure of Face
D (bold line) as the rack orientation changes is illustrated in Figure A.7 and its expressions for
each set of bounds are listed in Table A.5.
A.3

Special Cases
It is important that the hierarchical ranked-order of the derived rotational limits (θL1 - θL7)

found in Tables A.1-A.5 be maintained in order for the exposure expressions to be applicable. As
DOV varies, it is possible that these ranked-orders may be violated for one or more faces. When
this occurs, the limits that have fallen out of line, and their associated expressions, are no longer
needed and can be removed.
Original Bound
0° ≤ θ ≤ θL7
θL7 ≤ θ < Φ
Φ ≤ θ ≤ 180°

ED
nrl
𝐷𝑂𝑉𝑤 − 𝑑𝑎
sin 𝜃
0

→

New Bound
0° ≤ θ < Φ

ED
nrl

Φ ≤ θ ≤ 180°

0

Figure A.8: Altered exposure calculations for
Face D along the pathway when θL7 > Φ
For example, consider the exposure calculations for Face D for the same section
discussed in Section 3.2. According to Table A.5, θL7 must be less than Φ. However, we find that
when DOV = 35 ft, θL7 = 52.18°, which is greater than Φ = 45°. In this special case, DOV is large
enough to ensure that the entire length of Face D is exposed up until the rack orientation prevents
its exposure at Φ. To account for this, we simply drop the seventh rotational limit from our
expression and extend the previous expression to the next limit that maintains the hierarchical
ranking (Figure A.8).
A.4

Solution Procedure for Maximum Exposure

For a given set of retail design parameters, follow the steps below:
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Step 1: Calculate rotational limits θL1 - θL7 as described in Sections A.1 and A.2 of the Appendix.
Step 2: Sort these rotational limits in an ascending order, including 0°, Φ, 90°, Φ' and 180°.
Step 3: Aggregate the appropriate expressions from Tables A.1-A.5 based on the sorted order in
Step 2; see Section 3.2 for an example.
Step 4: For each exposure expression, say f(θ), determine the characteristic of the function within
the given range of θ.
a. If f(θ) is monotonically increasing or decreasing, then one of the limits maximizes
this function. That is,
i.

If f'(θ) is > 0 for all θ in (a,b) then f(θ) is monotonically increasing on [a,b]. So
solve for the upper limit of θ.

ii.

Otherwise, if f'(θ) is < 0 for all θ in (a,b) then f(θ) is monotonically decreasing
on [a,b]. So solve for the lower limit of θ.

b.

If f(θ) is not monotonic, rather convex or concave within the given range of θ, then
follow one of the two steps below:
i.

If f''(θ) is positive, then f(θ) is convex and testing the bounds is sufficient to
determine the maximum exposure;

ii.

If f''(θ) is negative, then f(θ) is concave and a line search should be used to find
the optimal θ that will result in the maximum exposure for the given bounds.

Step 5: The rack orientation (θE*) is the one associated with the maximum exposure defined as
𝐸 ∗ = max𝑖 {𝐸𝑖𝑚𝑎𝑥 }, where 𝐸𝑖𝑚𝑎𝑥 is the maximum exposure calculated for all θ between
the limits of the ith bounded exposure equation noted as,
𝐸𝑖𝑚𝑎𝑥 = max{𝐸𝑖 ∶ 𝜃𝐿𝐵 ≤ 𝜃 ≤ 𝜃𝑈𝐵 },

(34)

and θLB and θUB are the lower and upper bounds respectively, as indicated in Tables 2 and
A.1 through A.5.
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A.5

Analytical Models for Space and Aspect Ratio
l3

l2

rw

L
ac

θ
rl

w1

l1

w2
W

Figure A.9: Example system configurations (n = 4, rw = 4, ac = 5, rl = 25)

We first decompose the total length and total width of the resulting layout into separate
components. The length of the space required for a layout is broken into (i) the length contributed
by the angle of orientation of the first rack (l1), (ii) the length contributed by the angle of
orientation of the additional rack end-caps and cross-aisles (l2), and (iii) the length contributed by
the angle of orientation of the last rack’s end-cap (l3). The width is similarly broken into (i) the
width contributed by the angle of orientation of the rack’s end-cap (w1) and (ii) the width
contributed by the angle of orientation of the rack (w2). Figure A.9 illustrates these parameters.
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The width of a single-column configuration is

W  W1  W2 ,

(35)

where the end-cap and face components of the width are defined as w1  rw sin 90   ' and

w2  rl sin  ' . The length of a single-column configuration is
L  l1  l 2  l3 ,

(36)

where the component of the first rack is defined as l1  rl cos  ' , the length component of the
interior racks is defined as l2 

n  1rw  ac 
sin  '

, and the length component of the last rack is

defined as l 3  rw sin  ' .
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90

The total required space, S, for a single-column configuration can then be found by
substituting (35) and (36) into S = W × L, giving

n  1rw  ac 


S  rw sin 90   '  rl sin  ' rl cos '
 rw sin  '  ,
sin  '



(37)

where θ' is the adjusted degree of orientation expressed as



' 

, if 0     90 




180   , if 90    180

.

Notice that when θ = 90°, (37) reduces to S 90  rl rw  n  1rw  ac  . This model is valid for
all rack orientations from 0° < θ < 180°. For θ = 0° or 180°, when the racks become parallel to the
direction of travel, we calculate space as S 0,180  rw rl  n  1rl  aˆ c  , where â c is the crossaisle distance between two adjoining end-caps. In our analysis, we assume aˆ c  ac .
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Figure A.10: Rack orientation vs. space (solid line) and aspect ratio (dotted line)

Observe in Figure A.10 that the rack orientation that uses the least amount of space is θ = 0° or
180°, which is seconded by θ = 90°. When 0°<θ'<90°, the length component attributed to cross91

aisle space (l2) between two adjacent racks elongates, resulting in an increase in space as
compared to the traditional θ = 90° rack orientation. This additional cross-aisle space
substantially increases the total space at low θ' values (0° - 15° and 165° - 180°). To calculate
space for the entire pathway (both sides of the shopper), use the following expression:

STotal  WA  am  WB   maxLA , LB , where WA(B) and LA(B) are the width and length of Side R
(B) respectively.
Notice in Figure A.10, we also depict the changes in the aspect ratio (length/width) of the
pathway. While 0° and 180° may have the lowest space requirement, they also have the largest
aspect ratio, and so would result in a long and skinny sales floor (which may or may not be
desirable to the retailer). Recall from our discussion in Section 3.2 that θ  30° produced the
largest exposure value. We see in Figure A.10 that it also requires a considerably large amount of
space (approximately 53% over 90°). While θ = 90° requires the second least amount of space
and appears to have a favorable aspect ratio, it produced one of the lowest exposure values with
moderate intensity.
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